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In this article, using data on tra!c volume and fatal accident rates in Israel from 
2001 to 2004 – a period spanning much of the Second Intifada – we examine the 
population-level responses to endemic terror to uncover whether societies become 
habituated so that the response weakens following repeated attacks or whether they 
become increasingly sensitized so subsequent attacks have a greater impact. Our 
analysis, using distributed-lag time series models, supports earlier "ndings while 
highlighting the persistence of the response to terror attacks even several years into 
the violence. #ere are, however, signs that the reaction to terror has accelerated. #is 
shift, which is not naturally seen as evidence for either habituation or sensitization, is 
suggestive of social learning of norms over time.
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#ere has been a dramatic increase in studies focusing on the implications of terror 
following the September 11th attacks. Far-ranging consequences have been shown 
to result from such one-time attacks – from rises in population-level measures of 
stress and anxiety (Schlenger et al. 2002; Schuster et al. 2001; Verger et al. 2004), 
to increased drinking and smoking (Vlahov et al. 2002, 2004), and deterioration 
in observable health outcomes such as cardiovascular disorders (Feng et al. 2006; 
Steinberg et al. 2004). A broader set of studies, often focusing on Israel, have also 
detailed the broader macroeconomic (Eckstein and Tsiddon 2004; Eldor and 
Melnick 2004), political (Berrebi and Klor 2006; Gould and Klor forthcoming) 
and behavioral (Stecklov and Goldstein 2004) implications of terror. Do repeated 
attacks cause societies to adapt and become habituated or do they sensitize popu-
lations and cause them to become increasingly traumatized? Understanding the 
evolution of the social response to terror may provide insights into the ability of 
societies to deal with repeated stress, not just terrorist attacks and war, but also 
natural disasters and other large-scale crises. 

#e question of how societies respond to repeated terror attacks requires both 
an understanding of how stress might be produced as well as the mechanisms 
through which this response might weaken or strengthen over time. Our ap-
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proach builds on both micro- and macro-level explanations relating adaptations 
to stress. At the individual level, an extensive literature in psychology examines 
individual reactions and adaptations to terrorist attacks, war and disasters. #is 
includes the exposure of civilians to wartime bombings (Bleich et al. 1992; U.S. 
Strategic Bombing Survey 1947), how populations are a$ected by terror and 
natural disasters (North and Pfe$erbaum 2002; Tierney et al. 2006), as well 
as studies that analyze the reactions of soldiers to extended periods of combat 
(Friedman 2006; Hoge et al. 2006). At the macro level, communities, societies 
and state institutions may adapt, and their reaction may be critical in determin-
ing response in the face of political violence (Collins 2004; Kimmerling 1985) 
or natural or man-made disasters (Erikson 1976; Quarantelli and Dynes 1977; 
Rodriguez et al. 2006).

#e focus of our investigation is Israel, where we examine the social response to 
repeated terrorist attacks over a four-year period during the Second Intifada – from 
Jan. 1, 2001 to Dec. 31, 2004. We employ unique data on driving behavior and 
tra!c accidents within Israel over this period as well as on the timing of terrorist 
attacks. Our research seeks to determine whether past "ndings that demonstrated 
a link between terrorism and driving for an 18-month period continue to hold 
when the length of the study period is extended to four years. A second aim is to 
use the extended time series on terror, tra!c volume and tra!c fatalities to test 
whether the response to terror shifts over time.
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Early perspectives on the social consequences of terrorism were often based on 
studies of population-level responses to disasters and wars (National Research 
Council 2003; Tierney 2007). Unfortunately, much of that evidence was hearsay 
and after-the-fact reports, often from participants, and “subject to selectivity and 
distortion.”(National Research Council 2003; Tierney et al. 2006) More recently, 
a large number of systematic studies on the societal reaction to terror have been 
carried out using better-designed surveys and based on random-sampling meth-
ods. Many of these studies are based on surveys carried out immediately after 
the event, and generally include instruments to test for PTSD or other forms of 
stress and anxiety. #ese studies have been valuable in providing insight into the 
emotional stress following events such as the 9/11 attacks or terror attacks in Israel 
or Spain, and they have enabled researchers to distinguish those individual-level 
characteristics more associated with severe responses to terrorism. However, even 
in the best of cases, there is a delay of 3 to 5 days from the attack to the start of 
data collection, and in most cases the delay is longer. #e delay exacerbates the 
possibility that individual responses to traumatic events will be socialized through 
friends or media sources (Tierney et al. 2006). Furthermore, the potential implica-
tions of non-response bias in surveys are very di!cult to gauge following disasters 
or terrorist attacks (North and Pfe$erbaum 2002; Silver et al. 2002).
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An alternative approach is to focus on behavioral changes that follow popula-
tion-level traumatic events. In this respect, both data on the amount people drive 
(tra!c volume) and on the quality of their driving (tra!c accidents) provide 
important instruments for measuring the behavioral response to terrorism. First, 
the lack of selectivity of driving in a society, which is highly mobilized like Israel, 
widens the generalizability of the response. Another advantage is that tra!c ac-
cident and volume data are collected in routine data systems with "ne precision, 
o$ering a method to gauge the behavior before and after the event studied. Also, 
the routine data systems in place for collection of tra!c accident and tra!c vol-
ume are not systematically a$ected by terror attacks themselves helping to assure 
that causality is correctly identi"ed. 

#e two outcomes in our analysis – tra!c volume and fatal tra!c accidents – each 
o$er distinct insight into the e$ect of terror on a di$erent socio-behavioral process. 
Tra!c volume, which measures the number of cars on the road, is in part a measure 
of discretionary travel. Changes in this indicator can capture the impact of a ter-
rorist attack on people’s inclination or desire to undertake leisure activities, or their 
response to social signals that staying home is “correct” and “safe” following an at-
tack. #e decline in leisure is consistent with evidence indicating short-term falls in 
co$ee shop sales in Jerusalem immediately following attacks in Israel (Spilerman and 
Stecklov 2009). Increasing use of roadblocks following a terrorist attack, a common 
practice, is also relatively short-term and generally limited to the broader vicinity 
of the attack (Weisburd et al. 2009). In addition, changes in tra!c volume could 
be further a$ected by changes in work-related tra!c if substitutions occur between 
private automobile driving and alternative forms of transportation such as busses, 
which may face higher perceived risks from terror – particularly following attacks 
that speci"cally targeted busses (Becker and Rubinstein 2010).

#e tra!c accident data measure the quality of driving for those who have 
made the decision to be on the road. In this case, the mechanism of in%uence on 
accidents is more likely associated with micro-behavioral change associated with 
stress and anxiety following terrorist attacks. #ere is a well-documented positive 
association between psycho-social stress and tra!c accidents (Norris et al. 2000; 
Selzer et al. 1968). #is link is believed to be due to the association between 
driving behavior and aggression, stress and frustration (Norris et al. 2000; Shinar 
1998; Underwood et al. 1999). Longitudinal studies on war veterans provide fur-
ther evidence of this link between stress and driving behavior. #ey show that war 
veterans, experiencing greater levels of stress following war-time experiences, also 
face higher risks of tra!c mortality (Macfarlane et al. 2000; Writer et al. 1996). 

#e link between stress and fatal tra!c accidents has also been discussed in the 
literature on imitative suicides. A series of seminal studies has shown that suicides, 
tra!c fatalities and airplane accidents often increase following well-publicized 
suicides and murders (Bollen and Phillips 1982; Phillips 1977, 1978, 1979), sug-
gesting that some portion of tra!c fatalities are in fact disguised suicides (Phillips 
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1977; Ohberg 1997). #us, terrorist attacks, particularly given the widespread and 
graphic television attention they receive, may lead to more covert suicides in the 
form of tra!c fatalities (Stecklov and Goldstein 2004).

#e current study builds directly on prior research showing the response of driv-
ing behavior in the wake of terrorist attacks (Stecklov and Goldstein 2004). In the 
United States, following 9/11, people shifted modes of long distance travel away from 
airplanes, and this choice has been connected to an increase in total fatalities associ-
ated with travel (Blalock et al. 2008). In Israel, relatively small distances mean that 
domestic travel is almost entirely by surface transportation. Prior research in Israel has 
shown that the amount people drive is reduced in the short term following terrorist 
attacks, but this e$ect is delayed by a day or two following the attack (Stecklov and 
Goldstein 2004). Also, fatal tra!c accident rates appear to rise following terrorist 
attacks, although this substantial and signi"cant increase is only observed after a 
three-day lag and then quickly dissipates (Stecklov and Goldstein 2004). 

U'V$&<'&$"-)"2)!%-+$&$W'&$"-)&").-/%0$#)1%22"2X

Several studies based on single-event terrorist attacks have shown that e$ects weaken 
over time (Silver et al. 2002; Vlahov et al. 2004). Yet, when a society such as Israel or 
Iraq faces a form of trauma that is repeated many times over an extended period of 
time, another fundamental question arises. How does the population-level response 
to terror evolve through the repeated experience of this same form of traumatic event? 

We consider two alternative perspectives for understanding how the e$ect of 
terrorism may shift over time – assuming an e$ect is identi"ed. One is that the 
population’s reaction weakens after each attack as individuals become habituated. 
#e other is that sensitivity to terrorism increases as the result of repeated assaults. 
Understanding how this process evolves o$ers a unique lens into individual and 
social processes of adaptation. 

At the micro level, the process of habituation is well understood in both human 
and non-human organisms, although there is debate about the underlying mecha-
nisms that drive the process. Both psychological and physiological research on ha-
bituation demonstrate how the response to a repeated stimuli may be modi"ed by 
adaptive learning (del Rosal et al. 2006; #ompson and Spencer 1966; #ompson 
1986). Furthermore, empirical evidence suggests that individuals tend to over-
react to threats that are rare and unfamiliar such as the risk of %ying (Blalock et 
al. 2008; Sivak and Flannagan 2003; Sunstein 2003). Increased familiarity with 
the “risk” of terror may be instrumental in reducing the reaction to terrorism. 
#us, terror at the early stages will invoke stronger fears and responses within the 
population, but less fear will be generated by later attacks as the threat and risk 
become increasingly familiar. 

Habituation may also occur simultaneously at the broader group or societal lev-
el. Within emergent norm theory, collective behavior is altered as crises force the 
reevaluation of what is legitimate conduct (Turner and Killian 1987). Furthermore, 
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an increasing consensus of what the social normative response to terrorism may be 
can cause habituation as individuals receive “psychological gain” from a narrowing 
set of behavioral choices (Berger and Luckmann 1966). Individuals can then adapt 
their leisure responses to fall within the range of legitimate behavior – whether this 
behavior involves dating, co$ee breaks or other leisure activities. 

Habituation is also facilitated by the complex institutional structures that con-
nect individuals. Because terrorism targets entire societies, societal institutions such 
as family, kin, community and state may play an increasingly active and e$ective 
role and contribute to a shift in the response to terror over time. #is may be a direct 
result of families learning to better identify and support more sensitive family mem-
bers (Bleich et al. 2003; Kaitz et al. 2008; Shalev et al. 2006). New organizational 
and institutional forms may also emerge to provide necessary assistance and enable 
individuals to cope better with the ongoing threat (Kimmerling 1985; Stadler et 
al. 2005). Becker and Rubinstein (2010) use natural variation in media exposure 
in Israel – a product of the non-publication of Saturday newspapers – to show that 
media coverage plays an important role in the social response to terrorist attacks 
(Becker and Rubinstein 2010). #en, coping may be further facilitated over time if 
media attention declines during endemic terror – a pattern which  appears to have 
occurred in Israel (Frosh and Wolfsfeld 2007; Liebes and Kampf 2007).

In contrast to habituation, the reaction to terrorism may strengthen rather than 
dissipate as attacks are repeated, leading to increased sensitivity over time. Heightened 
sensitivity, like habituation, is a form of response to repeated stimuli (Kandel 1976; 
#ompson 1986). After a particular fear is triggered in a person, a subsequent reoc-
currence may stimulate a stronger response because of the development of “hyper-
excitable fear circuits.”(Rosen and Schulkin 1998) #us, early terrorist attacks may 
cause a relatively weak reaction, but hard-wire an individual so that later attacks 
generate a stronger response. Furthermore, as casualty counts rise, increasing num-
bers of people become linked through family or friendship to dead or injured victims, 
potentially contributing to an increase in response to terrorist attacks.

At the broader macro level there is little reason to expect institutional mecha-
nisms to strengthen responses over time. In this sense, the impact of terrorism is 
quite di$erent than that of war, given that most institutions continue to function 
in some capacity. In war, governments may collapse, providing little or no support 
as occurred in late 20th century Liberia (Levitt 2005). In the case of Israel, however, 
Kimmerling (1985) argues that past wars prepared Israel’s central institutions, for 
the most part, to deal e$ectively with con%ict. 

Ultimately, whether habituation or sensitization dominates, or whether they 
cancel out, the result is informative for understanding the connection between 
social stress and behavior. On the one hand, micro-level theory provides no clear 
prediction while sociological reasoning is less ambiguous and would tend to favor 
habituation. Of course, both the micro- and macro-level processes must work 
jointly further complicating any prediction.
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Our analysis is based on a combination of continuous, routinely collected data 
on automobile tra!c volume levels and fatal tra!c accidents, which enable us to 
gauge the population-level reaction to terrorist attacks and shifts in this reaction 
over time. Equally important, because such a large proportion of the population 
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drives, our indicator has excellent population level coverage. Tra!c accident data 
provide our second indicator for the population reaction to terrorism. We ex-
cluded data on non-fatal accidents for reliability concerns (Elvik and Mysen 1999; 
Hauer and Hakkert 1988), and considered only data from fatal tra!c accidents. 

Tra!c volume data provide exceptionally precise feedback into the response 
of the population to terrorism. Do attacks cause people to be less mobile, less 
outgoing and to reduce their activities in order to lessen their exposure? Fatal 

tra!c accident data, in combination with tra!c volume data, produce 
tra!c accident rate measures, which may uniquely identify the extent 
to which drivers are stressed and aggressive. Both sources of data are 
routine, continuous systems which alleviates the possibility of psycho-
social response biases produced by surveys following violent events 
(Dijkema et al. 2005; Norris et al. 2002). #e pseudo nature of the 
fatal accident rate we use is due to the fact that fatal accidents occur 
throughout the country, while the exposure indicator is based on a 
single freeway in central Israel. However, it should be noted that the 
Ayalon freeway in Israel is Israel’s most travelled freeway and bisects its 
largest city, Tel Aviv (Bar-Gera 2007).

Our earlier work has identi"ed some potentially important pop-
ulation-level reactions to terrorism using these data (Stecklov and 
Goldstein 2004). Large and signi"cant declines in tra!c following ter-
rorist attacks have been identi"ed using data from the "rst 18 months 
of the Second Intifada (Jan. 1, 2001 to June 22, 2002). #ese declines 
are centered on the third day after the attacks. Data on tra!c accident 
rates, calculated from the number of fatal tra!c accidents nationwide 
on day t, corrected for exposure levels based on tra!c volume data 
for the Ayalon on day t, showed a short-lived decline in light accident 
rates and no obvious pattern in serious accident rates following terrorist 
attacks. However, both types of accident data are suspect because of 
potential reporting biases (O’Day 1993). In fact, fatal accident data, 
which su$er a much smaller degree of inaccuracy (Elvik and Mysen 
1999), showed that the fatal accident rate rose dramatically on the 
third day following attacks. #is large and signi"cant rise of almost 35 
percent (p = .01) shows an even greater e$ect of 69 percent (p = .02) 
when only large terrorist attacks are included. 

Data on tra!c volume is routinely collected using rubber gauges 
placed at various points along the freeway. #e gauges provide a con-
tinuous relay of tra!c %ow data, collected in a central database and 
aggregated into counts for each "ve-minute interval. For our purposes, 
tra!c volume is measured as the number of vehicles passing each of 
four points along this freeway. #e values from the four locations are 
averaged to create a summary measure of average tra!c %ow for each 
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"ve-minute interval, then the data are further aggregated into peak-hour and non-
peak-hour averages. Further analysis showed little substantive di$erence between 
the peak and non-peak patterns in our data, leading us to combine the tra!c 
volume into total daily averages (see Figure 1). #e tra!c volume data are also 
used to proxy for nation-wide driving exposure, enabling us to construct pseudo 
fatal tra!c accident rates for the country as a whole (see Figure 1).1

Data on terrorist attacks are obtained from the International Policy Institute 
for Counter-Terrorism at the Interdisciplinary Center of Herziliya, Israel and 
B’tselem, a human rights group. We only include attacks and tra!c information 
from within the 1967 borders of Israel, given the substantial di$erences in popula-
tion composition and infrastructure separating Israel proper and the settlements, 
so West Bank, Gaza and East Jerusalem are excluded. During the period covered 
by our analysis, 91 terrorist attacks are reported with at least one civilian fatality. 
#ese attacks produced a total of 505 victims for an average of 5.5 fatalities per 
fatal attack. In this analysis we distinguish large attacks as those with 10 or more 
fatalities, of which there were a total of 19. 

We include a number of controls to capture the impact of various factors that 
might otherwise cause us to mistakenly determine a causal e$ect of terrorism. For 
example, if tra!c volume tends to be higher on Sundays and attacks are more 
common on Sundays, then we might conclude an association between terrorism 
and tra!c volume even though this connection is spurious. #e controls we 
include are year, month of the year and day of the week for our daily observations 
of tra!c accident volume as well as important holidays. 

#e current analysis extends the earlier study by supplementing the original 
data from the period Jan. 1, 2001 to Jun. 22, 2002 (Period 1) with new data to 
extend the analysis from June 23, 2002 to Dec. 31, 2004 (Period 2). However, 
several gaps exist during which tra!c volume data were not collected (see top 
panel of Figure 1). #ese gaps are due to computer problems and not associated 
with terror.2 In our "nal analysis, only days with a full 24 hours of data were used 
to avoid introducing additional error into the analysis. Our "nal data include 
1,306 days over the four-year period. #e daily average count of volume over this 
period was 105,729 vehicles per day (sd = 15,342). #e most visible outliers in the 
top panel of Figure 1 are for Yom Kipper – the holiest day in the Jewish calendar 
and a day in which tra!c volume is nearly six standard deviations below the mean. 
With respect to fatal accidents, there is an average of 1.2 per day (sd = 1.1).

.",=8A&87&B(/2-+)+

Our statistical analysis is based on the use of regression methods to assess how 
tra!c volume and fatal tra!c accident rates are a$ected by terrorist attacks on 
the same day and any of the "ve subsequent days. We use a simple distributed-lag 
formulation whereby the e$ect of an event on each of the lagged days is separately 
estimated in the same model. While multiple lags may introduce high degrees of 
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collinearity, preliminary analyses indicate low correlations between lagged days.3 
Prior analysis has already shown that "ve lagged days following the day of the 
attack is su!cient to capture the short-term dynamics following terrorist attacks 
(Stecklov and Goldstein 2004). Also, by keeping the length of the lags limited to 
"ve days following attacks, we reduce complications that result from overlapping 
intervals with multiple attacks. 

Our analysis is based on both ordinary least squares regression and Poisson re-
gression. We use linear regression for the logged values of the volume data primarily 
because we expect tra!c volume e$ects to be in proportional rather than absolute 
terms. #e logarithmic transformation also helps to reduce the in%uence of outli-
ers in the tra!c data. #e count nature of the fatal accident data along with their 
distribution suggests we use a count-data model. A variety of statistical models are 
available in such cases enabling us to overcome the distributional properties that 
may make linear regression unattractive (Long and Freese 2000). A central assump-
tion of the Poisson model is that the mean and variance are equal. Failure of this 
condition is common and may lead researchers to alternatives such as the negative 
binomial model (Donner 2007). In our sample, the mean and variance both equal 
1.2, providing no indication of overdispersion and supporting the Poisson model. 

Our baseline models for estimating the e$ect of terror on tra!c volume on day 
t, Vt, is shown in Equation 1 and is,  

            

log(Vt ) = α + β ⋅ Xt + γ k ⋅ terrort − k
k = 0

5

∑
         

(1)

Here, the vector X contains dummy variables for year, month, day of week, and 
if a day is a holiday. #e corresponding β vector gives the coe!cients, which we 
show in exponentiated form, that capture the impact of a speci"c category relative 
to the reference category. #e α term is the intercept. Within the summation, the 
terror dummy variable takes the value “1” if there has been a fatal terror attack 
on a particular day t and “0” otherwise. #us, the γk coe!cients each capture the 
impact of a terror attack on a particular day, t-k, on the value of Vt. 

A related model is estimated for tra!c fatality data, but using Poisson regres-
sion, so the model takes the form,

      

log(Ft ) = log(Vt )+ α + β ⋅ Xt + γ k ⋅ terrort − k
k = 0

5

∑
        

(2)

Here, the number of fatal accidents on day t, Ft , is estimated while controlling 
for exposure. In this case, the additional log(Vt) term acts as an “o$set,” where 
the parameter estimate of the o$set is constrained to equal 1 (McCullough and 
Nelder 1989), so that the volume of tra!c is taken into account when predict-
ing tra!c fatalities. We include in Equation 2 the same set of control variables 
and the same set of lagged dummies as in Equation 1. In both the volume and 
accident regressions, our results are presented in exponential form so that a null 
e$ect of a factor is given by a value near “1.” Our results are thus interpreted in 
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terms of the proportional change in tra!c volume or the fatal tra!c accident 
rate following an attack occurring k days earlier.

In addition to a set of analyses that focus on a main e$ect of terrorism, our 
attention is concentrated on two approaches for testing for habituation or sen-
sitization in the behavioral response. #e "rst, the period interaction approach, 
tests to see whether the relationship between fatal terrorist attacks and tra!c 
changes over time. #e second, the memory e$ect approach, evaluates whether 
the cumulative number of fatal attacks in past months in%uences the impact of 
attacks in recent days. 

To test for a change in the e$ect in the e$ect of the lags over time we include 
a simple interaction term between the lagged terms and a dummy indicator for 
Period 2. In equations 3 and 4, the variable Z takes the value (0) for Period 1 
and Z takes the value (1) for Period 2. While the two periods are not split in the 
middle, they are also reasonably balanced.4 #e formal model for tra!c volume, 
Vt, including the same controls as before as well as a main e$ect for the Period 
indicator, Zt, is:

  
log(Vt ) = α + β ⋅ Xt + λ ⋅ Zt + γ k ⋅ terrort − k

k = 0

5

∑ + δ k ⋅ Zt ⋅ terrort − k
k = 0

5

∑
 
(3)

 
#e model in the case of tra!c fatalities is,

log(Ft ) = log(Vt )+ α + β ⋅ Xt + λ ⋅ Zt + γ k ⋅ terrort − k
k = 0

5

∑ + δ k ⋅ Zt ⋅ terrort − k
k = 0

5

∑

(4) 

Here, the coe!cients, δk, in the period interaction approach in equations 3 and 
4 provide a test of whether the e$ect of terror shifts over time. 

We also test for habituation or sensitization using an alternative approach. #is 
alternative focuses more on a direct form of adaptation associated with the level 
of past violence. It involves testing whether the e$ect of terrorism in the past few 
days is a$ected by the level of terror in the previous month(s). We explore previous 
month, two months earlier, three-months earlier, and four to six months earlier. 
#e appropriate equations are, 

   

log(Vt ) = α + β ⋅ Xt + γ k ⋅ terrort − k
k = 0

5

∑ + ϑ terrorj
j = t − n

t −m

∑
          

(5)

Similarly, we test the Poisson model for fatalities using,  
 

log(Ft ) = log(Vt )+ α + β ⋅ Xt + γ k ⋅ terrort − k
k = 0

5

∑ + ϑ terrorj
j = t − n

t −m

∑
       

(6)

Our approach is based on testing for a moderating variable(s) based on the 
aggregate number of terrorist attacks for a given period of time from t – n to 
t – m days prior. #us, the new term in the summation re%ects the aggregation of 
the number of fatal attacks from t – n days ago, where the smallest value of n is 6 
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and the largest is 90, to m days ago, where the values range from 30 to 180 days 
depending on the speci"cation. #us, we test a series of intervals including 6-30 
days, 30-60 days, 60-90 days and 90-180 days. Each non-overlapping interval 
produces a separate model. For each model, however, only a single value of ϑ is 
produced. We also show the results of a model including all four intervals jointly. 
While the models in equations 5 and 6 are interesting, the statistical test for the 
moderator e$ect actually requires one additional step. When the main e$ect of 
terrorism in recent days is signi"cant, we test a series of interactions between 
the lagged e$ects and the number of attacks over one or more months prior to 
determine whether the e$ect of a recent attack might be moderated by a previous 
attack. #ese alternative speci"cations are not shown but involve inclusion of an 
additional interaction between terror and the aggregate measures of past terror 
into the models shown in equations 5 and 6. 

Our analyses generate a large number of coe!cients given that the distributed-
lag model produces a unique coe!cient estimate, γ (or δ where appropriate), for 
each lagged day t. We take into account the comparisons created by the multiple-
lag coe!cients in each model by using the Bonferroni method to multiply the tra-
ditional P-values on the lagged e$ects (Abdi 2007; Bland and Altman 1995). We 
adopt the Bonferroni corrected signi"cance level of α* = α/6 = .0167 to create a 90 
percent con"dence region with a signi"cance level of α = .10. #e null hypothesis 
is that the true e$ect at all lags is zero, with the alternative being two-sided. Both 
the OLS and Poisson regression models have coe!cients that are asymptotically 
normal, and so the con"dence intervals use +/– 2.39 standard errors, which covers 
the desired 1 – α* = .9833 interval. #e adjusted con"dence intervals produced 
by this correction increase our con"dence in the signi"cant e$ects we observe. 

*%+<(&+

C$/77)3&D826:"

Our baseline model for daily tra!c volume for the entire four-year period is shown 
in the "rst column of Table 1. #is baseline model is similar to equations 1 and 2 ex-
cept the terror lag dummies and coe!cients in the summation term are not included 
in the model. #e reference category for all our models is the year 2001, month of 
January, and day-of-week Saturday. #e results of the baseline model illustrate the 
powerful role of the covariates on the logged value of daily tra!c volume. Tra!c 
volume increases from year to year over the four-year period, tends to be higher 
during the summer, and is unsurprisingly lowest on Saturdays and holidays when 
observant Jews avoid driving and many stores and restaurants are closed. 

Changes in the e$ect of attacks on tra!c volume gauge the disruptive e$ect of 
terror attacks on routine activities and also shed light on the timing of responses – a 
re%ection on how people reorganize their activities to reduce their vulnerability. 
Over the four-year period we "nd, as seen in Figure 2 and Table 2, that terrorist 
attacks reduce tra!c volume on the day of the attack and the subsequent three 
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days. However, only the coe!cient on lag 2 is signi"cant. Speci"cally, we "nd that 
terrorist attacks are associated with a roughly 4-5 percent decline in tra!c volume 
on the second day following an attack. #is e$ect, which is highly signi"cant (p < 
.01), also remains signi"cant after we apply the Bonferroni multiple comparison 
adjustment to the con"dence intervals (see "gures 2 and 3). 

Additional evidence that tra!c volume declines we see are indeed causal can 
be obtained by checking for a “dose-response” e$ect, with larger attacks causing 
greater declines in tra!c volume. #is e$ect is observed in Period 1, when attacks 
with 10 or more fatalities produce larger declines in tra!c volume (Stecklov and 
Goldstein 2004). Here, looking at the entire four-year period, we see that the 
dose-response e$ect is also evident for lag 2 (top right panel of Figure 2) where the 
impact of large attacks produces a larger, and signi"cant, decline in tra!c volume. 

Looking at each period separately and focusing on the test of habituation by 
examining the shift over time, we note a decline of roughly 3 percent on day 3 
following attacks in Period 1 (the lag-4 coe!cient is signi"cant at traditional levels 
but not at the Bonferroni adjusted levels). In contrast, during Period 2, the impact 
appears more immediately after the attacks and is seen from lags 0-2, with a peak 
of 9 percent on day 2 following an attack; the coe!cients that are signi"cant using 
standard con"dence intervals are also signi"cant after the Bonferroni adjustments 
(see Figure 2). Statistically, while the lag 1 and lag 2 coe!cients di$er across periods 
and are signi"cant at traditional levels they are not signi"cantly di$erent from Period 
1 after the Bonferroni adjustments. #us, one cannot reject the hypothesis that the 
terror e$ects on daily tra!c volume on the same day or one day after an attack that 
are observed in Period 2 do not di$er from those seen in Period 1. However, this 
same test is signi"cant on day 2 after an attack. Furthermore, this shift in the e$ect 
of terror on tra!c volume on lags 0-2 is jointly highly signi"cant (p = .001). 

#e alternative approach (Equation 5) to look at adaptation focuses on whether 
the e$ects of terror in the days immediate following the attack are a$ected by the 
level of terror in prior months. #e results of a test for a direct additive e$ect of 
past terror in addition to the e$ect of more recent terror are shown in Table 3. 
Results are presented for a model which includes only fatal terrorist attacks 6 to 
30 days prior (i.e., short memory e$ects) while subsequent model also includes 
attacks two, three or six months earlier (i.e., long memory e$ects). 

Results provide evidence that terrorist attacks in the six days before an attack 
also have an impact on tra!c. Interestingly, the direct e$ect of terrorist attacks 
in previous months, where signi"cant, is in the opposite direction. #e days 
6-30 measure comes out positive and signi"cant (p < .05) for both all and large 
terrorist attack models indicating that past attacks, controlling for the negative 
e$ect of recent terrorism, are associated with higher tra!c volume levels. We 
also introduce measures for the total number of fatal attacks two, three and four 
through six months earlier. #e e$ect of the variables “Terror Days 6-30” remains 
positive and signi"cant as is the e$ect of the variable “Terror Days 60-90.” #e 
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other measures for terror in the past are not signi"cant. #e additive e$ect of past 
terror appears to depend on terror up to three months back and terror from earlier 
months generates no additional impact on tra!c volume.

Are the e$ects we identi"ed for terrorism over the past six days robust to the 
inclusion of controls for terrorism in previous months? #e alternative is that 
the impact of terrorist attacks over the past few days depends on the level of ter-
rorism in prior months. #e results in Table 3 show that our main coe!cient is 
unchanged (compare to Table 2) o$ering no evidence that the e$ect of attacks in 
the present is mediated by attacks in previous months. Furthermore, an interac-
tion between the number of fatal attacks over the past month with the second-day 
lag e$ect is insigni"cant (p = .88) – furthering the claim of no shift in the impact 
of recent terror depending the scale of past terror. 

Results of both tests suggest that the impact of terrorism on the amount people 
drive remains relatively stable as terror continues and there is little evidence of either 
habituation or sensitization. At the same time, results from the period interaction ap-
proach provide some evidence that the response accelerates in Period 2. #is accelera-
tion is indicated by a more rapid reaction as well as a speedier end of the e$ect. One 
possible explanation for such a shift in timing is that simple habituation or sensitiza-
tion responses are insu!ciently detailed to account for the complex dynamics when 
the response to terrorism is learned over time. In a manner reminiscent of Sherif ’s 
(1936) classic experiment using the autokinetic phenomenon, norms are learned 
through repeated exposure to the same event. #e establishment of norms may in 
itself accelerate the response as well as facilitate the recovery. #us, our results might 
indicate that a particular form of habituation is occurring, but it is not expressed in 
terms of attenuation but rather by an acceleration of the response and its dissipation. 

B33)A"(,+

Despite a monotonic decline in the fatal accident rate from year to year, few e$ects 
are actually signi"cant except for the coe!cient on 2004 (relative to 2001), which 
is individually signi"cant, though not after the Bonferroni adjustment. #e year 
coe!cients are also not jointly signi"cant (p = .09). #e monthly pattern shows 
that fatal accident rates tend to be higher in the summer and are about 64 percent 
greater during holidays. Relative to Saturdays, all other days have signi"cantly 
lower rates except for Fridays. 

Looking at both periods in Table 4, the day 3 increase in fatal accidents (Stecklov 
and Goldstein 2004) identi"ed solely during Period 1 continues to be signi"cant 
(p = .01). However, change over time is more di!cult to detect. #e average e$ect 
over the two time periods studied is a 25 percent increase in the tra!c fatality rate 
on the third day after an attack (Table 4). #is average is a combination of a 35 
percent (p = .01) increase in period one and an insigni"cant 11 percent increase 
in period two. While this might be indicative of habituation – it is too imprecise 
to reject the hypothesis of no decline in the day-three e$ect. 
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 An argument could be made that this pattern o$ers evidence of habituation 
given the large decline in the coe!cient value between periods 1 and 2, and that 
the Period 2 estimate is not signi"cantly di$erent from zero. On the other hand, 
tests for a change of this day-3 e$ect over time are inconclusive. #e interaction 
test for a change is not signi"cant (p = .25), making it di!cult to claim attenu-
ation. Also, the Period 2 coe!cient on the day-3 lag, which is still positive and 
substantively signi"cant – though not statistically – equals 1.11, indicating an 11 
percent increase in the fatal accident rate.

Focusing exclusively on large attacks lends greater credence to claims of persis-
tence rather than habituation. #e Period 1 day-3 e$ect of a 67 percent increase in 
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the fatal tra!c accident rate is replaced by a Period 2 day-4 e$ect of an 84 percent 
increase. #e former loses signi"cance after the Bonferroni adjustment. While the 
temporal shift might be interpreted as real, a more skeptical interpretation might 
focus on random variation as the apparent cause. It is probably more reasonable 
to interpret this as a continuation of a powerful lagged e$ect rather than any real 
shift in the underlying behavioral response. Ten large attacks in each of the periods 
probably does not provide su!cient power to capture such shifts with accuracy. 
#e day-3 or day-4 e$ects in each of the two periods are most likely identifying 
the same process, which appears to have lost little power over time. Finally, another 
sign of persistence is the manner in which the coe!cient for small attacks on the 
third-day lag remains nearly unchanged from 1.255 to 1.247 (not shown). 

An additional set of models provides further support for claiming consistency 
over time. First, in Table 3 we repeat the earlier memory test where measures for 
the total number of fatal terrorist attacks in previous months are introduced into 
the regression. As with the volume results, the e$ects of terror in the immediate 
past is unchanged when the potential mediating variables are introduced. #is is 
apparent when looking at all attacks as well as large attacks, although the latter 
result is less relevant given that the main e$ect of large attacks is not signi"cant 
for the entire period. Furthermore, an interaction between the total number of 
terrorist attacks from 60-90 days prior with terrorist attacks three days earlier – the 
test of a moderator e$ect of past terror – is not signi"cant.

6$+#<++$"-

#ere is intense interest in understanding how populations react to traumatic events, 
including natural disasters as well as man-made disasters and violence. Terrorism 
has emerged in the 21st century as a central form of inter-societal violence with 
consequences across a wide range of personal and social activities. In this article, 
we examine a fundamental question that cannot be examined in the context of 
most other forms of societal trauma: does repeated exposure to endemic terrorism 
in Israel lead to a process of habituation whereby the e$ects of terror attenuate or 
do populations become increasingly sensitized to terror through repeated exposure. 

Our results provide overall support for earlier published "ndings on the ef-
fects of terrorism on tra!c volume and accident rates. Over the entire four-year 
period, tra!c is reduced on the day of the attack and three subsequent days, 
but only the 5 percent decline on the second day following fatal terrorist attacks 
is signi"cant. Similarly, we "nd a 24 percent increase in fatal tra!c accident 
rates on the third day following terrorist attacks. #e results tell us that there 
is a reaction that can be measured using tra!c data, that this reaction is not 
immediate but delayed, and that the impact of terrorism on both the amount 
people drive and the “quality” of their driving also dissipates by the fourth or 
"fth day following an attack. Our analysis also provides new evidence on how 
the impact of terror on current behavior may reverberate over the course of time. 
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In particular, we "nd that the e$ects of terrorist attacks in previous months 
continue to in%uence behavior but only for some three months. 

Our main "ndings indicate that there is little or no habituation or sensitiza-
tion to terror attacks in the tra!c data. #ese results are most consistent with 
persistency in the response to terror attacks over the course of the 2nd Intifada. 
#is is evidenced by the lack of change in the response over time. It is further 
clari"ed when we test whether current terror e$ects are moderated by the level of 
terror in prior months. #ese e$ects indicate continuity of impact, regardless of 
the level of violence experienced. Stability in the reaction to terror is interesting 
in light of limited evidence suggesting that recurrent disasters produce increased 
social resiliency, particularly where social institutions and social capital provide 
a su!ciently stable context (Adger 2005; Samanta 1997). In Israel, while social 
institutions are strong (Kimmerling 1985), the political nature of attacks and their 
focused impact may not create the same degree of shared experience and social 
resiliency, reducing the potential for social habituation. 

Both approaches used to test for habituation rely on a speci"c null hypothesis 
test. A lack of signi"cance in the test of the interaction coe!cient is either because 
the null hypothesis is true or because we lack the statistical power to reject the null. 
Earlier analysis found no interaction between time and terror attacks but these 
"ndings were treated cautiously because of the relatively short duration studied and 
low number of terror attacks (Stecklov and Goldstein 2004). In contrast, the cur-
rent analysis includes more observations and the statistical power is increased. With 
a standard error of .03 on the interaction coe!cient, e$ects larger than 6 percent 
should be detectable. #us, while we cannot conclude that there is no e$ect we can 
be reasonably con"dent that the change in the e$ect over time is less than 6 percent.

And despite the overall impression of stability in our "ndings, there are also signs 
in the data – albeit statistically weaker ones – that the population-level reaction to 
terror has been accelerated, appearing more quickly but also dissipating more rapidly. 
#is unexpected shift is di!cult to interpret speci"cally in terms of either sensitiza-
tion or habituation. Instead, a shift in the timing of the e$ect may itself represent 
a form of social habituation that develops over time as the response is accelerated. 
To the extent that habituation is a form of adaptive learning, both individuals and 
society might habituate to terror by developing new norms of response. #e in-
troduction of these customs over time produces a learned reaction. #e evolution 
of a norm, in this sense, may be precisely the sort of e$ect that we observe in the 
tra!c volume results. While reasonable, far more research is needed to explore how 
behavioral patterns emerge during periods of intense violence, such as terror attacks, 
and to substantiate our "ndings with alternative behavioral measures. 
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1.  Fatal tra!c accident rates are also used in Stecklov and Goldstein (2004).
2.  #e largest gap is from Dec. 7, 2003 to March 9, 2004 during which all data was 

irretrievably lost due to computer problems at the Ayalon Management Freeway 
Company. #ere is no statistical di$erence in the mean level of terror attacks between 
periods with and without tra!c volume data.

3.  Simple tests of bivariate correlations between the lags indicate that the average 
correlation is under 4 percent and none of the values exceed 9 percent while the VIF 
is near “1.” 

4.  #e last date included in the analysis of the "rst paper is almost identical to the date 
at which half of the total, cumulative fatalities from terrorism over the four- year 
period occurred. 
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