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Abstract. In recent years, people have found the power law distribution appears in natural and human 
activities, even in the event of terrorism. However, In this paper we analyze the time interval 
distribution of terrorism events in several Asia countries, and find that not all of the time interval 
distributions are showing a power law distribution. The time interval distribution of terrorism events 
in China is exponential distribution. Through calculating burstiness parameter and memory 
parameter it is found that power-law distribution is origin from strong burst and the burst and memory 
are relatively weak corresponding to and the time interval exponent distribution of terrorism events in 
China. 

Introduction 

It is confirmed by a large number of facts that power law distribution appears in human activities 
[1,2,3,4]. Terrorism activities is a kind of destructive human activity. Due to complexity and secrecy, 
it is difficult to directly detect the internal operation mechanism, But we can known the pattern of the 
events and detect the further causes of the pattern. At present, the description of terrorist incidents has 
been publicly available in some databases. It has been concerned to detect the law of terrorist 
incidents from these databases [4,5,6,7]. In this paper, the time interval distribution of the terrorist 
events is extracted from the database and the causes is explained. 

The source of data  

All the data is from the Global Terrorism Database (GTD) (www.start.umd.edu/gtd) in this paper. 
It is an open-source database including information on terrorist events around the world from 1970 
through 2014. Unlike many other event databases, the GTD includes systematic data on domestic as 
well as international terrorist incidents and now includes more than 140,000 cases. The form of 
original data is shown in Fig.1. It includes ID, date, country, city, perpetrator group fatalities, injured 
and target type. From the database we can know a brief description about events and the political 
background. So in order to obtain the specific quantitative statistics distribution, we have to deal with 
the data to describe the statistic feature by methods of statistical physics. 
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Fig.1. the source of data 

Statistic analysis 

We get the time interval according to the date of the event, and then the time interval between two 
consecutive events is ranked to get the time interval statistic feature.  

Terrorism events are studied in Turkey, Lebanon, Philippines and China over the last forty years. 
In order to quantitatively describe the events properties, the temporal patterns as obtained in Fig. 2. It 
can be seen the events occurred frequently in some time and rarely in some other time. Obviously it 
means that the heterogeneous and uncertainty. However the occurrence of terrorism events seems to 
be relatively more homogeneous for China. 

 
Fig.2. Series figure of events. The horizontal axis represents time and every line indicates an 

event. 
In order to further clear its statistic feature, we obtained the Zipf’s plot by ranked the time interval 

sequence of terrorism events in Fig. 3.  we find that the ranked time interval are almost a line in the 
log-log coordination for Philippines, Lebanon and Turkey which shows that the time interval 
distribution is like power law distribution In figure 3. If the power law exponent is z   in Zipf’s plot, 

then the time interval follows the probability distribution  )(p with exponent   satisfying the 

formula 
  
R

RdpR z )1(/1 )(    [8,9]. Here R represents the rank. According to the above 

formula, we can get z /11 . Therefore, time interval distribution has power 
exponent 37.2 , 56.2 , 40.2  respectively for Philippines, Lebanon and Turkey. However 
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it is in the normal-log coordination the fitting is a straight line. Obviously the time interval 
distribution is according with exponent distribution. 

 
Figure.3 The Zipf’s plot of terrorism events 

Explanation 
The above empirical analysis shown the time interval distribution of terrorism events in China is 

different from other Asian countries. Why there are so much differences of the statistic distribution? 
Many papers have illustrated that the importance of [10,11,12] bursty and memory for statistical law. 
Therefore, in order to find out the reasons, we calculate the burst parameter B and memory 
coefficient M  for time interval of terrorism events.  
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Here,   represents the standard deviation and m  is the mean value. The value of two 

parameters are both in the range (-1,+1). For burstiness parameter, 1B  is the bustiest signal. 0B  
is neutral and 1B  indicates the regular signal. Memory parameter is a correlation-based measure. 
it is positive when the short (long) time interval tends to be followed the short (long) time interval, it 
is negative if the short (long) time interval is followed by long (short). After calculation, we obtain 
the values of burstiness parameter and memory coefficient shown as Tab.1. The result proves the 
strong burst and memory for the time interval in Philippines, Lebanon and Turkey which is why time 
interval distribution presents like power law distribution. The burst and memory is lack for time 
interval of terrorism event in China, so randomness of events is relatively larger. 

                              Tab.1. Burstiness parameter and memory coefficient 
 Philippines Lebanon  Turkey China 
Burstiness prameter 0.587 0.587 0.555 0.126 
Memory coefficient 0.331 0.59 0.303 0.27 
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Conclusion 
The occurrence time of terrorism events is acquired from the open database GTD in four countries 

in Asia. We extracted and analysis the time interval. Moreover, we found the time interval 
distribution follows like power law for Philippines, Turkey, Lebanon and exponent distribution for 
China. Further exploration shows strong burst and memory is the origin of like power law distribution 
and exponent distribution has the weak burst and memory. 
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