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c EDP Sciences, Società Italiana di Fisica, Springer-Verlag 2017
Published online 28 August 2017 – 
Abstract. We study relaxation patterns of violent conﬂicts after bursts of activity. Data were obtained from
available catalogs on the conﬂicts in Iraq, Afghanistan and Northern Ireland. We ﬁnd several examples
in each catalog for which the observed relaxation curves can be well described by an asymptotic powerlaw decay (the analog of the Omori’s law in geophysics). The power-law exponents are robust, nearly
independent of the conﬂict. We also discuss the exogenous or endogenous nature of the shocks. Our results
suggest that violent conﬂicts share with earthquakes and other natural and social phenomena a common
feature in the dynamics of aftershocks.

1 Introduction
Non-exponential relaxation to a typical state has been observed in several physical systems [1–5] including earthquakes [6–8] and fracturing phenomena [9–11]. A general
law governing relaxation in earthquake-like phenomena is
the Omori’s law [6], which states that the number of events
per unit time decreases as a power-law since the sudden
rise of activity triggered by a shock. Omori-like decay has
also been observed in a wide range of social systems, including download rates [12], internet traﬃc [13], ﬁnancial
markets [14–17], book sales [18–20], views of videos [21],
spamming [22] and words in online blogs [23]. Despite
strong evidences pointing to the occurrence of Omori-like
decay in the social context, there are few works devoted to
a quantitative characterization of power-law relaxation in
violent activities (for counterexamples see Refs. [24,25]).
Here we study relaxation patterns in human violent
conﬂicts. The database was obtained from records on the
conﬂicts in Iraq, Afghanistan and Northern Ireland. We
ﬁnd several examples of bursts of activity (shocks) for
which the observed relaxation curves can be well described
by an asymptotic power-law decay (like the Omori’s law).
We verify that the power-law exponents are robust, nearly
independent of the conﬂict. We also discuss the nature of
the bursts (endogenous or exogenous) by comparing the
relaxations curves with the predictions of a general model
of self-excited processes proposed some years ago. Finally,
we discuss the similarities between our ﬁndings and those
obtained in natural and social relaxation phenomena.
a
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2 Data and methods
Iraq data refers to a period of 803 days within 2003–2005
and were acquired from the supplementary material of reference [26]. Afghanistan data cover a period of 1056 days,
from January 2008 to December 2010 [27]. Northern Ireland data refers to a catalog covering 11 839 days, from
July 1969 to December 2001 [28]. Iraq and Afghanistan
databases consist of violent events of size s (the estimated
number of deaths) and the day t that the event occurred
or that the event started in the case of multi-day attacks.
Northern Ireland database provides information on single
conﬂict-related deaths (only events of size s = 1) including the day t that it occurred. We have obtained events
of size s ≥ 1 by summing up all the single deaths that
occurred on the same day. For this reason, only one event
of size s ≥ 1 was associated with a given violent day t
for Northern Ireland data while for Iraq and Afghanistan
data one or more events can correspond to the same day.
We choose the time t in such way that t = 1 corresponds
to the ﬁrst day in each database.
For a given catalog, we selected events of size s > smin
occurring at times t = T . Each selected event, which has
no larger event in the time interval [T − Δt∗ , T + Δt∗ ],
where Δt∗ is an integer (an estimate of the time of relaxation Δt), was called mainshock. Events occurred after a
mainshock were called aftershocks (t − T > 0) and events
occurred before the mainshock, foreshocks (t − T < 0).
We also obtained the aftershock rate r versus the time to
the mainshock t − T for each selected event. The rate r
was calculated by dividing the time interval [T, T + Δt]
in intervals (or bins) of size τ , counting the total number
of events within each bin and dividing by τ . Here, τ is an
integer representing a time interval in days.
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Fig. 1. Selected mainshocks (triggering events) and the correspondent average aftershock rates for the Afghanistan catalog.
(a) Event size s, measured in conﬂict-related deaths, versus the time t shown for all days in the catalog. The three selected
triggering events are indicated as events 1, 2 and 3 at times T = 220, T = 466 and T = 911 respectively. (b) Average aftershock
rates, rav , obtained by averaging the individual rates r1 , r2 and r3 , versus the time to the mainshock t − T . The dashed line is
a power-law decay given by equation (1), with p = 0.29 and a = 0.42 (see Tab. 2).

We investigated the time evolution r(t − T ) indirectly
by analysing the cumulative rate deﬁned as n(t − T ) =
t


T r(t − T )dt . The analysis of the cumulative rate was
chosen since n is less noisy and typically more suitable for
comparison with the empirical data. Suppose that we have
a power-law decay (like the Omori’s law in geophysics)
given by
(1)
r ∼ a (t − T )−p ,
where a is a positive constant and p is the power-law exponent (Omori exponent) for the aftershock rate. The corresponding cumulative rate can be written as
n ∼ b (t − T )1−p ,

(2)

where b = a/(1−p). If r is constant in time, like a stochastic process with no memory, we have p  0 and the cumulative rate grows linearly with time. Similar deﬁnitions
hold for the foreshock rate r (|t − T |) and the cumulative
foreshock rate n (|t − T |), with t − T < 0.
The time of relaxation Δt is a priori unknown for a
given mainshock. Large values of Δt provide us more data
but we need to distinguish between the relaxation process,
where the activity is a decaying function of time, and any
possible subsequent background noise. For this reason we
choose Δt according to the following procedure. We deﬁned Δt = kτ , where k is an integer corresponding to the
total number of bins of size τ used. For ﬁxed k, we range
τ from a lower bound τmin to an upper bound τmax obtaining a set of Δt values. For each Δt we calculated an
empirical curve r(t − T ), excluding the curves for which
some bin has no count (if, for all Δt values, some bin
has no count we excluded this mainshock from the analysis). From the remaining curves, we obtained a set of
n(t − T ) curves and performed least squares ﬁts to equation (2). We then choose the Δt value that led to the best
ﬁt (maximum coeﬃcient of determination R2 ) of n(t − T )
to equation (2).
By ﬁtting the best n(t − T ) curve to equation (2), we
obtained the Omori exponent p and the standard error
se (related to p) for each mainshock in a given catalog.
We selected the mainshock if p is positive (p ± se > 0).

Table 1. Selected mainshocks (triggering events) per catalog. We list the size s of the event (measured in conﬂictrelated deaths) and the day T in which the event occurred
(counted from the ﬁrst day of the catalog). In the selection
procedure, values of {smin , Δt∗ , k, τmin , τmax } are as follows:
{5, 120, 5, 15, 25} for the Afghanistan, {5, 50, 6, 4, 8} for the
Iraq and {5, 50, 5, 6, 8} for the N. Ireland catalog.
Event
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Catalog
Afghanistan
Afghanistan
Afghanistan
Iraq
Iraq
Iraq
Iraq
N. Ireland
N. Ireland
N. Ireland
N. Ireland
N. Ireland
N. Ireland
N. Ireland
N. Ireland
N. Ireland
N. Ireland

T
220
466
911
168
313
442
530
756
873
930
1255
1403
1956
2091
3696
4327
6691

s
500
115
45
31
616
84
670
14
15
15
8
8
22
8
23
5
12

We repeated this procedure for each mainshock in a given
catalogue. From a total of 31 mainshocks with enough
aftershocks to extract the power-law exponents, 17 were
selected (see Tab. 1).
Instead of analysing the relaxation process after each
triggering event separately, we performed averages of
r(t − T ) over all selected mainshocks in a given catalog to obtain the mean activity rate rav (t − T ) and
t
nav (t − T ) = T rav (t − T )dt . The optimal Δt was obtained by using the same procedure to analyze individual
curves. Figure 1 shows the three selected mainshocks for
the Afghanistan catalog (see Tab. 1) and the correspondent average relaxation curve rav versus t − T in comparison with equation (1).
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Fig. 2. Quantifying the Omori-like relaxation. Logarithmic of the averaged accumulated aftershock rate, log nav (black circles),
as a function of the logarithmic of the time to the mainshock, log(t − T ). The data are shown in comparison with least squares
ﬁts to equation (2) (solid lines) for (a) Afghanistan; (b) Iraq; and (c) N. Ireland catalogs. The ﬁtted power-law exponents p are
shown in (d) with their correspondent 95% conﬁdence intervals (see also Tab. 2). We also show the averaged cumulative rate
obtained from shuﬄed data (gray squares) in comparison with least squares ﬁts to equation (2) (dashed lines). For all cases,
the averaged control curves (shuﬄed data) display exponents 0, as expected for a stochastic processes with no memory.

3 Results
Figure 2 shows log nav versus log(t − T ), obtained from
the mainshocks described in Table 1, for all the empirical
catalogs. The empirical curves are shown in comparison
with least square ﬁts to equation (2). The ﬁtted power-law
exponents p, with their conﬁdence intervals, are shown in
Figure 2d. These ﬁndings point to Omori exponents of the
order of 0.2–0.4 for all catalogs analyzed. There are good
agreement between equation (2) and the empirical data,
with R2 ≥ 0.9997 (see Tab. 2). In addition, we test if the
ﬁt residuals are normally distributed. By using a Pearson
χ2 goodness-of-ﬁt test, we veriﬁed that the null hypothesis
that the residuals are distributed according to the normal
distribution is not rejected at the 0.05 conﬁdence level
(p-values are shown in Tab. 2).
Next we investigated the role of random ﬂuctuations in
obtaining the power-law exponents p. We generated control curves by shuﬄing in time all the aftershocks following a given mainshock and performing a parallel analysis
to obtain shuﬄed versions of nav (t − T ). These shuﬄed
versions of nav (t − T ), averaged over several realizations,
are shown in Figure 2 in comparison with the correspondent original curves. Least squares ﬁts of the averaged
control curves to equation (2) give Omori exponents 0,
as expected for a stochastic process with no memory. Fits
performed individually, for each shuﬄed realization, led
to a set of exponents psh which ﬂuctuate around zero (see
Tab. 2). A comparison between p and psh suggests that the

observed Omori decay can not be explained just assuming
random ﬂuctuations.
We also compared the performance of the proposed
Omori-like decay to describe the empirical data with the
performance of an exponential decay given by rav ∼
c exp[−t/t0 ]. We ﬁtted the empirical nav (t − T ) to the
correspondent exponential curve given by nav ∼ c (1 −
exp[−(t−T )/t0]), with c = ct0 , in the same range of times
used in the previous analysis. By using Akaike Information
Criterion (AIC) corrected for ﬁnite samples, typically we
obtained negative values for δAIC pointing to the Omorilike decay as the best model (see Tab. 2). For N. Ireland
and Iraq data, the evidence for the power-law relaxation
is more strong in comparison with Afghanistan data.
We tested the robustness of the measured Omori exponent with the cutoﬀ smin . Figure 3 shows p versus smin ,
with their correspondent conﬁdence intervals, for all the
empirical catalogs. It is apparent that the power-law exponents stay approximately constant against smin , indicating
that the observed Omori-like relaxation is robust. Naturally, larger values of smin lead to a smaller number of
selected triggering events. This tends to increase the error
bars.
We performed a parallel analysis for the foreshocks
obtaining the cumulative rate nav versus |t − T | (with
t − T < 0) for the same selected triggered events shown
in Table 1. According to our results from the analysis of
the foreshocks, shown in Table 2, only the Afghanistan
data presented a power-law exponent distinguishable from
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Fig. 3. Robustness of the measured Omori exponent. Power-law exponent p versus smin , with their correspondent 95% conﬁdence
intervals. The values of the exponent p remain approximately constant over a given range of smin .
Table 2. Analysis of the time evolution of the averaged cumulative rates, nav (t − T ) (aftershocks) and nav (|t − T |) (foreshocks), for the mainshocks described in Table 1. We list the
optimal time of relaxation Δt and the best ﬁtted parameters b
and p to equation (2), shown with their correspondent 95% conﬁdence intervals. We also list the coeﬃcient of determination
R2 of the least squares ﬁts. We cannot reject the hypothesis of
ﬁt residuals normally distributed (p-values >0.05 are shown).
We also show the power-law exponent psh obtained from shufﬂed data, with their 95% conﬁdence intervals. According to the
Akaike Information Criterion (AIC) test, negative diﬀerences
δAIC points to equation (2) as the best ﬁt in comparison with
an exponential decay. In the analysis of n (|t − T |), the triggering events 3, 8, 15, 17 were removed due the lack of enough
events (foreshocks).
Afghanistan
Aftershocks
Δt
b
p
R2
p-Value
psh
δAIC
Foreshocks
Δt
b
p
R2
p-Value
psh
δAIC

Iraq

N. Ireland

115
0.59 ± 0.20
0.29 ± 0.08
0.9997
0.14
0.00 ± 0.02
−0.5

30
35
8.05 ± 0.87
0.84 ± 0.03
0.23 ± 0.03
0.24 ± 0.01
0.9999
0.9999
0.06
0.14
0.000 ± 0.001 0.000 ± 0.003
−7.7
−20.6

95
0.44 ± 0.10
0.16 ± 0.05
0.9999
0.14
0.00 ± 0.02
−2.9

30
4.25 ± 0.62
0.04 ± 0.05
0.9999
0.67
0.000 ± 0.005
3.6

45
0.49 ± 0.07
0.02 ± 0.04
0.9999
0.14
0.00 ± 0.01
0.27

zero, p  0.16. For Iraq and N. Ireland data, we have
p  0 suggesting absence of activity growth towards the
mainshocks.
From a total of 31 mainshocks with enough aftershocks
to extract the power-law exponents, the present procedure selected 17 (described in Tab. 1). For other 9 mainshocks, we observed no relaxation in the aftershock rates
(power-law exponents close to zero). For the remaining 5
mainshocks, we observed negative exponents suggesting a
growth in the aftershock rates. Some of these last ﬁndings
may be driven by diﬀerent mechanisms or may be aﬀected

by nonstationarities in the activity rate. For this reason,
these last 14 mainshocks were not included in the previous
analysis.

4 Discussion
By analysing cumulative aftershock rates, we found Omori
exponents of the order of 0.2–0.4 for selected triggered
events in the Iraq, Afghanistan and N. Ireland conﬂicts.
We also found a precursory power-law growth of activity
for the Afghanistan catalog, with an Omori exponent in
the same range observed for the aftershock decay rate.
For Iraq and N. Ireland catalogs we found no evidence
for precursory growth. These ﬁndings provide evidence of
Omori-like relaxation in violent conﬂicts, in analogy with
previous results in non-violent human activities like ﬁnancial markets, views of videos and book sales.
Endogenous shocks can be viewed as resulting from
the underlying dynamics of the system while exogenous
shocks have external sources. In general, the recovery after an endogenous shock is diﬀerent from the recovery
after an exogenous shock, allowing us to distinguish between them. This is important for understanding the relative eﬀects of self-organization versus external impacts.
In this sense, it could be instructive to compare our ﬁndings on violent conﬂicts with the predictions of a general
model of self-excited processes, such as that discussed in
references [18,19,21,29–31].
According to the model mentioned above, the mainshocks can be classiﬁed in four categories: exogenoussubcritical, exogenous-critical, endogenous-subcritical and
endogenous-critical. The relaxation after an exogenoussubcritical peak of activity exhibits power-law exponents
p = 1 + θ, with θ in the range 0.3–0.4, giving p close to
1.3–1.4. The relaxation after an exogenous-critical shock
(at or close to criticality) is characterized by p = 1−θ, giving p close to 0.6–0.7. For endogenous-subcritical shocks,
the system response is basically driven by ﬂuctuations
and typical time series of aftershock rates recall a simple
stochastic process (or noise). Finally, the relaxation after
an endogenous-critical shock (as well as the precursory
growth of activity) is a power-law with p = 1−2θ, pointing
to p in the range 0.2–0.4. This last range is in remarkable
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agreement with our ﬁndings for the aftershock rates in violent conﬂicts. For the Afghanistan catalog, the growth of
activity towards the peaks of activity was also observed,
as the model predicts for endogenous-critical shocks.
Our results are in line with recent ﬁndings in violent
conﬂicts, which present similarities with seismic phenomena. For example, robust patterns characterizing violent
conﬂicts have been identiﬁed, including power-law size distributions and heterogeneous temporal and spatial behavior [26,32–38]. Some of these ﬁndings in collective violence
remember general laws governing natural phenomena, like
the Gutenberg-Richter law [39,40] and the uniﬁed scaling law for earthquakes [41]. Our results suggest that violent conﬂicts share with earthquakes and other natural
and social phenomena a common feature in the dynamics
of aftershocks. More speciﬁcally, our ﬁndings suggest the
presence of the Omori’s law [6] in collective violence.
A review of the current literature on violent activities including war and crime in general, like the results
reported in reference [42] and the reference therein (including [43–50]) and references [51,52], shows that a wide
variety of techniques have been applied to quantify violent
behaviour, although there are still issues to be solved. We
hope the present results, added to the current knowledge
on the theme, may help us better understand the mechanisms underlying collective violence.
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