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Knowing that the number of casualties of war are distributed as a power law and given a rich data
set of conflict and cooperation (C/C) events, we ask: Are there correlations among C/C events? Is
there a correlation between C/C events and war casualties? Can C/C data be used as proxy for
(potentially) less reliable casualty data? Can C/C data be used in conflict early warning systems?
To begin to answer these questions we analyze the distribution of C/C event data for the period
1990–2004 in Afghanistan, Colombia, Iran, Iraq, North Korea, Switzerland, UK and USA. We find
that the distributions of individual C/C event types scale as power laws, but only over approximately
a single decade, leaving open the possibility of a more appropriate fit (for which we have not yet
tested). However, the average exponent of the power law (2.5) is the same as that found in recent
studies of casualties of war. We find low levels of correlations between C/C events in Iraq and
Afghanistan but not in the other countries studied. We find that the distribution of the sum of all
conflict or cooperation events scales exponentially. Finally, we find low levels of correlations between
a two year time series of casualties in Afghanistan and the corresponding conflict events.

“Like any social phenomena, violent conflict does not result from the linear summation of a neatly
defined set of causes but from interactions among multiple phenomena in a complex system with several
levels of organization. Some factors may predispose certain societies to violence, but only the decisions
of actors in dynamically changing situations realize these potentials, or their opposite. As complexity and
chaos theories show, in such a system behaviors will not respond in a linear way to changes in one variable,
however significant that variable may be.”

—Barnett R. Rubin (2004), “Sources of Violent Conflict”

I. INTRODUCTION

(Please see footnote.1) For good or ill, scientists can
detach themselves from unpleasant aspects of the physi-
cal world to try to better understand it. One example of
this is the statistical analysis of casualties of war. That
war is inevitable is arguable. That war is predictable is,
perhaps, desirable. One’s intuition would expect that to
foretell the sequence of many wars over, say, a century
would be a hopeless task. Surprisingly, though, there is
a quantitative predictable aspect to war over such a time
scale: the distribution of the number of people killed.
Such distributions scale as a power-law.

Power-law distributions (PLDs) are ubiquitous in bio-
logical, physical and social systems [4, 6, 37]. Power-laws
can be considered a signature of behavior found in some

1 This and future revisions of this paper, as more results are un-
covered, will always be available at http://www.timehaven.org/
csss/meier_woodard06a/

complex systems. Earthquakes and forest fires, for exam-
ple, follow a power-law distribution [17, 21]. Compared
to many statistical distributions power laws drop offmore
gradually—they have “fat tails”. The tail of a distribu-
tion is the part that is far from the central peak (if there
is one). For instance, the tail of a Gaussian distribution
decreases so quickly that the probability of finding a sam-
ple farther than three standard deviations away from the
mean is less than 0.006%. A fat tail implies that the dis-
tribution falls off more slowly and that larger deviations
are more likely to be observed.

Research suggests that the distribution of casualties re-
lated to armed conflict and natural disasters also scales
as a power-law [1, 14, 28, 29, 40]. Perhaps this empiri-
cally confirms our qualitative understanding of conflicts
as complex systems [1, 16, 25]. Are there correlations
among C/C events? If casualties follow this type of dis-
tribution, is there a correlation between C/C events and
war casualties? Can C/C data be used as proxy for (po-
tentially) less reliable casualty data? Can C/C data be
used in conflict early warning systems? The goal of this
report is to begin to answer these questions so that, in
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the future, we may hopefully gain insight into the larger
question of interest for us: What relevance might this
have for policy?

To answer these questions we analyze the distribu-
tion of daily conflict and cooperation event data gener-
ated from news wires between 1990-2004 in Afghanistan,
Colombia, Iran, Iraq, North Korea, Switzerland, UK and
USA. While distributions of war casualties scale as a
power-law, our results suggest that conflict and coopera-
tion events follow a random distribution as noted by [1].
This has important implications for conflict prevention
and early warning. We introduce the notion of self-
organized criticality (SOC) in conflict systems to explain
our findings [4, 6, 14, 32].

This paper is structured as follows: first we discuss
the relationship between conflict and complexity. Next
we describe the PLD. Following this we outline our re-
search design and describe the events-data used in this
study. We then plot and discuss our results. We explain
our findings within the context of self-organized critical-
ity and consider the policy implications for conflict pre-
vention and early warning. Instead of a conclusion, we
identify next steps for our research on conflict, casualties
and early warning.

II. CONFLICT, COMPLEXITY AND TIME
SCALES

Both pre-conflict and actual conflict situations are
highly complex and dynamic [25]. From a complex sys-
tems perspective, however, conflict is just another form of
interaction between two or more agents. Unlike the pas-
sive agents in physical systems (such as molecules), the
agents in social systems are necessarily active—“Man is
by nature a political animal” [5].

Agents are assumed to interact with each other
in known ways although total interactions are often
thought too complex to be understood by conventional
means [33]. On the other hand, “because political be-
havior is a human activity (in contrast, for example, to
the behavior of the climate or earthquakes), human un-
derstanding and intuition are likely to be powerful tools
in predicting that behavior” [44]. However, the agents
that form the system are not related to one another in
a linear manner, but interact according to a non-linear,
recursive process with multiple feedback loops. In other
words, any change in one agent does not necessarily lead
to a proportional change in others.

Some conflicts can thus be understood as “destruc-
tive patterns of social systems, which are the result of
a multitude of different hostile elements interacting at
different levels of time, culminating in an ongoing state
of intractability” [16]. Not surprisingly, early warning is
somewhat of an “ill-defined problem within a complex
system, where neither the relevant variables nor the rele-
vant processes have been fully, or even adequately, iden-
tified” [43]. That being said, “power and influence in

these systems are multiply determined, and substantial
change is thought to occur only through transformative
shifts in the deep structures or pattern of organization of
the system” [16].

This notion of deep structure recalls Fernand Braudel’s
concept of la longue durée in his treaties on A History of
Civilization [11]. Braudel sees the history of events as a
“surface disturbance, the waves stirred up by the power-
ful movement of tides. A history of short, sharp, nervous
vibrations. A world of vivid passions, certainly, but a
blind world, as any living world must be, as ours is, obliv-
ious of the deep currents of history, of those living wa-
ters on which our frail barks are tossed” [2]. The French
historian conjures the notion of history as the dynamic
interaction of three temporalities. The first of these, ‘in-
dividual time’ involves short-lived dramatic events such
as wars and revolutions. The second, ‘Social time’, was
Braudel’s term for larger, cyclical processes that might
span half a century.

La longue durée, on the other hand, is what Braudel
described as a historical wave of great length, ‘geograph-
ical time’. Here he focuses on those aspects of every day
life that might remain unchanged for centuries to iden-
tify “structures” that define the limits of potential social
change for hundreds of years at a time. “On this last
deep level—civilizations can be seen as distinct from ac-
cidences and vicissitudes that mark their development:
they reveal their longevity, their permanent features,
their structures—their almost abstract but yet essential
diagrammatic form” [11].

Braudel thus invites us to reflect on history with a
slower pulse-rate and suggests we look beyond ‘social
time’ and charter the larger waves of history. He con-
siders our physical environment as an analogy. Moun-
tains, rivers, glaciers and coastlines gradually shift. “But
so slow is this process that none of us can perceive
it with the naked eye, unless by comparison with the
distant past, or with the help of scientific studies and
measurements which go beyond mere subjective observa-
tion” [11].

According to Braudel, this “history-at-a-distance ap-
proach” is like “blue-water cruising on the high seas of
time, rather than prudent coastal navigation never losing
sight of land,” but readily admits that such an approach
“has both advantages and drawbacks” [11]. One advan-
tage he ascribes to studying large-scale history is that
such an approach “forces one to think, to explain matters
in unaccustomed terms, and to use historical explanation
as a key to one’s own time” [11].

The drawbacks or dangers of this approach lie in its
simplicity since we can “lapse into the facile generaliza-
tions of a philosophy of history more imaginary than re-
searched or proved” [11]. Certainly, any history which
is “pressed to the point of general theory requires con-
stant returns to practical reality—figures, maps, precise
chronology and verification” [11]. This dialectic suggests
the deep structures of conflict might best be charted by
blue-water cruising on the high seas of time and prudent
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TABLE I: 24 conflict event types.

Abduction Armed actions

Armed battle Arrest and detention

Artillery attack Assassination

Beatings Bodily punishment

Coups and mutinies Criminal arrests

Crowd control Force use

Hijacking Hostage and kidnapping

Mine explosion Missile attack

Physical assault Political arrests

Riot Sexual assault

Small arms attack Suicide bombing

Torture Vehicle bombing

coastal navigation. On the other hand, if substantial
change is thought to occur only through transformative
shifts in the deep structures or pattern of organization
of the system, the blue waters may reveal what lies be-
neath [16].

It was a British physicist who finally set sail in the
1950s to pioneer the systematic empirical analysis of con-
flict.2 As an applied mathematician, physical scientist,
inventor, and sociometrist, Lewis Fry Richardson charted
a considerable amount of data between 1809 and 1949
on what he termed “deadly quarrels”. In his study, he
investigated the Freudian thesis [18] that “from a psy-
chological point of view, a war, a riot, and a murder,
though differing in many important aspects, social, legal
and ethical, have a least this in common that they are all
manifestations of the instinct of aggressiveness” (cited in
[22]).

This gave Richardson the justification he needed to
chart the statistical connection between war, riot and
murder. The casualty data that Richardson collected
ranged from smaller-scale conflicts, such as banditry in
Manchuria and gang fights in Chicago, to world wars. He
characterized the intensity of the “quarrels” by the loga-
rithm of the number of persons killed in them. In 1941 he
reported his finding in an excited letter to Nature: sur-
prisingly, the number of “quarrels” after 1800 decreases
with a frequency directly related to their magnitude. In
other words, the intensity “quarrels” was inversely pro-
portional to frequency. This statistical relationship is

2 “He was one of the first to attempt the formulation and numerical
solution of a mathematical weather model. Well aware of the
numerical complexity in the solution of the partial di!erential
equations, he joked that one ought, really, to turn a concert
hall into a ’weather forecast factory’ by filling it with 64,000
computers (i.e., people)—one person for each computational grid
point, intercommunicating through a conductor on the podium.
This was his anticipation of parallel supercomputers.” (See http:
//www.siam.org)

TABLE II: 27 cooperation event types.

Acknow. respons. Agree to mediation

Agree to negotiate Agree to peacekeeping

Agree to settlement Apologize

Collaborate Demobilize armed forces

Ease sanctions Empathize

Engage in negotiation Evacuate victims

Forgive Grant asylum

Host a meeting Improve relations

Mediate talks Observe truce

Offer peace proposal Offer to Negotiate

Offer to mediate Promise to mediate

Provide shelter Relax curfew

Request mediation Request withdrawal or ceasefire

Travel to meet

known as a power-law distribution (PLD).
Power-laws are a specific signature of complex systems.

Richardson’s empirical findings confirm our qualitative
perception of conflicts as complex systems. Three years
following Richardson’s famous finding, Gutenberg and
Richter found that the intensity of earthquakes also fol-
lowed a power-law distribution [21]. Richardson later
showed that the average time between wars of different
magnitude is random but does have a particular (Pois-
son) statistical distribution [1]. One can therefore esti-
mate the most likely number of years before the next
war or deadly quarrel of a given magnitude will occur—
always assuming the future is similar to the past [22].
While learning about the distribution of earthquakes may
not prevent the next Big One, for war and terrorism,
power-law statistics may inform policy on how to make
war less deadly (The Economist, July 2005).

In 2003, political scientist Lars-Erik Cederman revived
Richardson’s findings to emphasize the consequences of
this pattern for both conflict prevention theory and pol-
icy since regularities of this type help us predict the size
distribution of future wars. “Accounting for the size of
wars is equivalent to explaining how conflicts spread []
Rather than treating large wars, such as the world wars,
as qualitatively distinct events requiring separate expla-
nations, it is preferable to advance a unified field the-
ory that explains all wars regardless of their size” [14].
While Cederman presents a conceptually appealing ar-
gument that we revisit later in this paper, it should be
noted that he uses the wrong econometric analysis (ob-
jects least squared) to test for a PLD.[46]

More recently, physicist Neil Johnson and economist
Mike Spagat presented strong evidence that the casu-
alties in the Iraq and Colombia conflicts also follow a
power law behavior [28, 29]. Incidentally, Spagat and
Meier draw similar conclusions based on a study of casu-
alties related to natural disasters aggregated by continent
and disaster type [28]. Despite substantial differences in
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FIG. 1: (Color online) Raw conflict (labelled as ‘violent’) and cooperation (labelled as ‘nonviolent’) events time series for
1990-2004 for (a) Afghanistan and USA and (b) Colombia and Switzerland.

conflict history and data coverage for Iraq and Colom-
bia, “the power-law coefficients for both wars tend to
2.5, which is a value characteristic of non-G7 terrorism
as opposed to old wars” [29]. To explain the PLD the
authors propose a coalescence and fragmentation model
composed of attack units and attack strength based on
herding models in financial markets.

Casualty data is not widely available for many conflict
systems while the reliability of the datasets that do ex-
ist is often suspect as evidenced by recent challenges to
the Iraq Body Count dataset (MediaLens, April 2006).
Conflict (and cooperation) event-datasets, on the other
hand, cover more conflict systems. In fact, “events data
are one of the most common types of information used
in quantitative international relations research” [9] al-
though the more reliable event-data sets are proprietary,
e.g., the Integrated Date Event Analysis (IDEA) dataset.
If casualty distributions follow a power-law, an obvious
question to ask is whether the conflict events that gener-
ate them also follow a PLD—and why or why not? Can
events-data serve as a proxy for casualty data? Is the
correlation between conflict events and casualties con-
text specific or universal? Can we use events-datasets to
develop fairly accurate casualty datasets? The following
section describes the properties of a PLD and outlines our
research design together with the events dataset used.

III. POWER LAWS

Power laws are easy to define but often hard to ex-
plain once observed. In the parlance of our times,
observations of power laws are a dime a dozen while
clear, intuitive explanations of their origin are like gold
dust. Power law is the term given to a mathemati-
cal relation of the form p(x) = Cx"!, where ! is the
scaling exponent. When p(x) represents a distribution
function, C is a normalization coefficient. When plot-

ted on doubly logarithmic axes, a power law appears
as a straight line with slope !!. Measures in which
power laws appear include probability and cumulative
distribution functions[37], power spectra[24, 50], rescaled
range (R/S) analysis[23, 34, 50], detrended fluctuation
analysis[47], structure functions [19, 53] and rank order
plots[35], to name a few.

For the working scientist, three questions should be
particularly addressed when a power law is observed: 1)
Is a power law the best fit to the data? 2) If it is, what is
the value of !? 3) What dynamics of the system under
study produces a power law? The first two questions
can be answered with standard statistical tests and are
very well discussed in [37, 45]. To briefly offer useful
tips concerning these two questions, know that over short
domains (such as a single power of 10 on the x axis),
more functions than a power law can appear to be a
straight line and more than one power law can be fit to
the data, depending upon where the low and high cutoffs
are chosen. Both of these points are thoroughly discussed
in the aforementioned references.

The gold dust of discussing power laws is to be able to
understand a genuine mechanism that produces one. As
an analogy, consider a normal (Gaussian) distribution,
well known as a bell curve. Many people, scientists and
non-scientists alike, have an intuition about what such a
distribution means and where it arises. In fact, it would
not be much of a gamble to say that most people who
know what a bell curve is are not at all surprised by
it. That is, they expect most people to get a C in a
class, expect most grown men to be a certain height,
expect most dice in a craps game to come up 7. In other
words, people have an intuitive grasp of the Central Limit
Theorem, which says that the distribution of the sum of
many random variables tends towards a normal. Does the
reader have a similar intuitive mental picture of a process
that results in a power law? References [37, 45] both,
again, do a stellar job of presenting various mechanisms
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FIG. 2: (Color online) Cross correlation between conflict and cooperation events for 1990-2004 for (a) Colombia and Switzerland
and (b) Afghanistan, Colombia and USA.

that produce power laws. In this report, we will consider
only one, self-organized criticality.

Self-organized criticality (SOC) [6–8, 27, 45, 50] is a
theory that states that certain nonequilibrium systems
that are slowly driven by an external forcing relax in fast,
bursty events. The events are often called avalanches
and the size and duration of the avalanches both scale as
power laws. Additionally, the power spectra of SOC sys-
tems contain power law regions. The power law scaling of
event sizes is also observed in certain physical systems at
what is called their critical states. Unlike those systems,
where, for instance, the temperature is precisely tuned
so that a ferromagnet approaches criticality, theory says
that SOC systems do not have such a parameter that
needs tuning, hence they are said to be self-organized
critical. Whether or not any real system is actually SOC
is a large area of debate, as is the definition of SOC.
For our purposes, we take the conservative approach and
use ‘SOC’ to mean ‘SOC-like.’ That is, a SOC system
is one that is simply driven slowly, quickly relaxes and
produces power law distributions of event sizes. This is a
gross oversimplification and the reader is referred to the
literature for more detailed discussions.

SOC is an attractive picture because of its simplicity
and the simplicity is captured in the quintessential SOC
model, the sandpile. Imagine grains of sand being slowly
dropped at random locations on a table that is wedged
into a room that is just the right size to only contain the
table. One edge of the table crosses the threshold of the
open door and the other three are bordered by vertical
walls.3 As the sand continues to slowly fall, the sandpile
builds up with a high end against the far wall and a low
end at the edge of the table in the doorway. Sand falls off
of the table at this low edge. Zoom your mental camera

3 Do not worry about who is dropping the sand.

in to view the sandpile closely and you will see small piles
on the main slope that build and relax in an endless series
of avalanches. When one of these small piles relaxes, it
can trigger a neighboring site to avalanche and a cascade
of events takes place. It is the sizes and durations of
these events that scale as a power law. As nice as this
picture is, it is not completely accurate: in experiments
with real sand, such scaling does not appear (though it
does with rice [38]). But it does in a sandpile model.

A sandpile model is the name given to a type of model
presented in the first SOC paper by Bak, Tang and
Wiesenfeld [7] and further developed by many [24, 30,
50]. The geometry is similar to that of the table just
described but imagine the width of the table shrinking
so that the system is essentially one dimension in length
and one in height. For the model, consider a single col-
umn of L cells, each of which contains h grains of ‘sand.’
Sand is randomly added to the cells by a ‘rain’ of sand
from above, increasing the height of some cells. The lo-
cal gradient between two cells is z = hi ! hi"1. When
the local gradient exceeds a critical gradient, z > zc, the
higher cell tumbles and transfers some of its sand to its
neighbor. This in turn could cause that neighbor to be-
come ‘critical’ and so on. In this way, single grains of
sand produce small events, which in turn produce large
events. Now, unlike real sand, the distribution of the sizes
and durations of these events do scale as power laws.

This SOC idea has been applied to many physical sys-
tems, one of which is earthquake models. One can imag-
ine slowly forced tectonic plates that slide across each
other in fits and starts. A plate slides until it is stuck by
friction against its neighbor. Enough stress builds up and
the plate finally becomes unstuck. The act of unsticking
happens much, much faster than the slow forcing. This
is an earthquake but in the language of SOC it is an
avalanche event. Earthquakes trigger other earthquakes.
Recall the Gutenberg and Richter studies [20, 21], where
the distribution of earthquake magnitudes scales as a
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power law. Also, recall that their result came 3 years
after Richardson’s observations of the power law scaling
of casualties.

We can now state our hypothesis: event-casualty
data constitute a self-organized criticality (SOC) system,
where the events are the slow driving of a society or so-
cieties and wars and their subsequent casualties are the
sudden avalanche events. Naively, we hypothesize that if
conflict events are ‘somewhat’ randomly distributed (and
uncorrelated) within a society and since casualty events
are power law distributed, then perhaps conflict events
are the random driver of the system (society), increas-
ing tension throughout until it is released in a casualty
event. The analogy is the same as that of fault stress
being released in an earthquake [3, 15], nonlinear insta-
bilities growing in plasmas [36] or rolling blackouts in
electrical distribution networks [12, 13].

Note that this is not an alternative to the coalescence
and fragmentation theory of insurgent forces as proposed
in [28]. There, the insurgent forces that produce casual-
ties (i.e., kill) are given and the effects are understood
based on their dynamics. Here, we are thinking that the
appearance of insurgent forces arises as a result of more
random and more fundamental conflict events within a
society. Also, SOC as a model for war conflict has been
discussed before [14] but in that study, states are the in-
teracting agents and wars between states are modeled as
by SOC. Here, we are looking at causes within a state
that lead to casualties within its own border, such as
occurs during a civil war.

IV. DATA AND METHODS

To test the hypothesis that events and casualties are
related as in a SOC system, we begin by analyzing event
data. Here we describe the data and the methods used
before presenting the results.

A. Event data

The conflict and cooperation events-data for this study
is drawn from the Integrated Data for Events Analysis
(IDEA) dataset used by the Center for Army Analysis
(CAA). The dataset is populated using an automated
full-syntax natural-language frame parser that “reads”
Reuters newswires and codes them using the parameters:
who (source) did what (event) to whom (target), where
(place), when (time)? The events are machine-coded in
near real time into 249 categories to include information
on events, actors, and targets in a four-level event hier-
archy [10]. In this paper, we assume that “news reports
can be considered a semantic rendition of reality and the
events of cooperation and conflict that occur around the
world” [9].

The decision to use the IDEA dataset was based on
three key factors. First, the IDEA dataset is thought
to offer the most detailed account of interactions be-
tween actors [31]. Second, compared to other available
sources of events-data that produce aggregated observa-
tions, “IDEA data examines events as they occur, provid-
ing much more accurate and granular data” [9]. Third,
the natural-language parser used by IDEA performs as
well as human coders [31].

While the pubic KEDS/TABARI (The Kansas Events
Data System and Text Analysis by Augmented Replace-
ment Instructions) is the most commonly used dataset
in the field of international affairs, IDEA uses nearly 200
additional event types to code newswires. In addition,
TABARI—which has superseded KEDS—is a “sparse
parser” whereas VRA is a full-syntax parser [44]. This
essentially means that TABARI is unable to handle com-
plex grammatical structures—that is, not simple subject-
verb-object sentences. Indeed, TABARI uses a “com-
plexity filter” that discards (or codes to the null cate-
gory) sentences with highly dense structures (this can be
in the source, event, and/or target positions).
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Furthermore, TABARI appears to discard any parsed
output that has a blank value in the source and/or target
positions, which is problematic because sentences with
complex structures are removed and this therefore re-
duces the number of reports that are parsed. In short,
IDEA codes more newswires than TABARI. As a result,
TABARI is far faster. In terms of reliability, [31] rate
the IDEA machine coding at 70% to 85% accurate in
identifying events. In another study by Craig Jenkins et
al. [26], events in the World Handbook derived from the
IDEA dataset were found to have a 50% to 80% recall
rate, no false positives, and a 3% false negative rate [9].

IDEA is certainly not without its fair share of prob-
lems. Lastly, world news is disproportionately focused
on Western or large developing countries. Tied to this
are issues of media bias in news coverage particularly
when drawing on a single source [39].

Figure 1 shows time series from Afghanistan, Colom-
bia, Switzerland and USA. The data covers the period
January 1990 through December 2004. Out of the 249
categories, we chose 24 as representing types of conflict
and 27 as representing types of cooperation. The lists of
24 and 27 event categories are shown in Tables I and II.
We combined the 24 individual series of conflict events
into a single time series, so that if two beatings and one
hijacking took place on a single day, the aggregated time
series would show simply 3 conflict events on that day.
We formed a second time series using the same process
with the 27 cooperation events. We can then form two
such time series for each country in the original data set.

B. Methods

We present analysis from two methods: cross correla-
tions and probability distribution functions. Cross corre-

lations are calculated by muliplying each point of a time
series by its associated point in another time series of the
same length and then summing the products to produce a
single number. The first time series is then shifted by one
time step and the process is repeated to produce a second
number at time lag one. In this way, a new time series
of the sum of products versus time lag is produced. This
new time series is the cross correlation. If the first series
had the occasional spike and the second series had simi-
lar spikes but offset by 60 time units, for example, then
the cross correlation would show a spike at time lag 60.
If there were no correlations between the two series, for
instance if both series were uncorrelated random noise,
then the cross correlation plot would be a noisy line at
magnitude zero. Each time series should be demeaned
(reduced by its mean) and the result normalized in order
to compare cross correlations among different time series.
By normalizing, the allowable range becomes [!1, 1].

Probability distribution functions (PDFs) are normal-
ized histograms. A histogram is made by finding the
number of events of a certain size and plotting this num-
ber versus the event size. Dividing the number of events
by the total number of all events normalizes the his-
togram, giving the probability of finding an event of a
certain size, p(x). From the PDF we can calculate the
cumulative distribution function (CDF) by integrating
all probabilities to the right of a certain size. This result
is the probability of finding an event larger than or equal
to a given size, P (X " x). An excellent tutorial on this
is given in [37].

“Deadly quarrels, like other complex phenomena, occur randomly but nevertheless are determined by
different factors that can be investigated and quantified; in Lewis Fry Richardson’s words, ‘chaos restricted
by geography and modified by infectiousness’ ”

—J.C.R. Hunt [22]

V. RESULTS

We first examined the cross correlations between con-
flict and cooperation events within a country. Figure 2a
shows this relation for Switzerland and Colombia; both
countries show a distinct lack of correlations. We chose
these thinking that the internal violence in Switzerland
would be much lower than that in Colombia and that the
cross correlations would be very different. The cross cor-
relations for Afghanistan, Colombia and USA are shown
in Figure 2b. The largest signal is from the USA, the zero
signal from Colombia is the same as in Figure 2a and the
medium signal is from Afghanistan. The large USA sig-

nal is probably due to excessive media coverage relative
to the other countries studied. We briefly experimented
with normalizing and rank ordering the various signals
but USA still overwhelms the other nations. Obviously,
the effect of media coverage should be investigated. We
have not yet done so in this study.

To better view and compare the cross correlations be-
tween conflict and cooperation events, we smoothed the
results of several countries by using a sliding window of x
points and taking a running average within the window.
The smoothed signals for Afghanistan, Colombia, Iran,
Iraq, North Korea, UK and USA are shown in Figure
3a. The smoothing parameter x was varied depending
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TABLE III: The 8 most common event categories.

Event Number Description Category

SAID 5065 Comment

OHCO 1005 Other human condition

VISI 964 Travel to meet Cooperation

RAID 918 Armed actions Conflict

HOST 850 Host a meeting Cooperation

DISC 845 Discussion Cooperation

AERI 836 Missile attack Conflict

PASS 757 Physical assault Conflict

on the amount of data in each signal, from x = 11 for
Afghanistan to x = 111 for USA. Possibly, very low fre-
quency anticorrelations are seen for Iran, UK and USA
and no correlations are seen in Colombia and North Ko-
rea. Large deviations are seen in Afghanistan and Iraq.
For Iraq, a possible second harmonic of the peak at 450
days is seen at 900 days.

We compared the cross correlations of C/C events to
those of an uncorrelated signal by randomly shuffling the
conflict event time series and redoing the calculation with
the cooperation events, Figure 3b. All correlations were
lost, as expected. Lastly, we calculated the cross corre-
lation between conflict events and casualty data, though
for only a two year time period. This result is also shown
in 3b. As with the C/C correlations, there is a an initial
correlation that falls off within approximately 250 days.

We examined the distribution functions of the most
common individual event categories (Table III) and of the
two aggregated series (conflict and cooperation events).
Of the 8 most frequent categories, three are conflict types,
three cooperation and two are neither. The two most
frequent categories, with 5065 and 1005 occurrences, re-
spectively, are SAID, described as ’Comment–Event nar-
rations and all comments not otherwise specified,’ and
OHCO, ’Other human condition.’ These are, essentially,
the ’Miscellaneous’ bins where all uncategorized events
are placed. The next six categories, though, comprise
three conflict types and three cooperation types. The
probability distribution functions for all 8 categories are
shown in Figure 5. The straight lines drawn over the
data are power laws calculated by a simple least squares
method and is presented without any error bars. This
is not the best way to fit power laws, as the maximum
likelihood estimator method is known to be superior [37].
However, the lines are there to show approximately what
a power law fit would be and to show the consistency
among the eight categories. The PDF of the RAID data
has two power law fits to show the difference in slope
between two values. Future work will include better es-
timates of the slope, as well as tests to see if the power
law is indeed the best fit of the data. For now the fits
are only suggestive.

A second point concerning the power law fits is that
they are only over approximately a single decade of num-

ber of events. This is simply because it is rare to have
more than, say, ten ’Travel to Meet’ or ’Missile Attack’
events in a single day over the 15 year period of study.
Even the aggregated data, where all conflict events or
all cooperation events are summed (see below), have an
approximate maximum of 100 events per day (a skinny
two decades), be they documented conflict or coopera-
tion events in Afghanistan, Iraq or USA. The short range
on x-axis of the event PDFs may make confident calcu-
lations of power law or any fits more difficult but such
small numbers of events are simply the nature of this
data set.

Figures 4a and b show the cumulative distribution
functions for Afghanistan, Colombia, Switzerland and
USA for 1990-2004 for aggregated conflict events and co-
operation events. Since there are more events from USA,
we show the fit to those events. We only show an expo-
nential fit to the USA data. A power law or even broken
power law (two distinct power law regions with different
scaling exponents) fit is an unlikely candidate and we did
not try any other fits, such as lognormal. If the best fit
is, perhaps, a normal distribution then this would be a
nice example of the Central Limit Theorem: the cumu-
lative sum of multiple distributions with finite standard
deviation (the individual event types with a power law
distribution over a finite range) tend toward a normal
distribution.

VI. DISCUSSION

We set out to answer four questions and discuss the re-
sults in the following sections. Initial results are promis-
ing and intriguing and work will continue to better an-
swer these questions. Please refer to the footnote on the
title page.

a. Are there correlations among C/C events? The
large correlations between conflict and cooperation
events seen for Afghanistan and Iraq in Figure 3a in-
dicate a possible link between these two types of events,
though it is not clear yet what that link could be. Of
course, both of those countries have been in states of vi-
olent conflict for a significant fraction of the time period
studied, which would be expected to affect the results. In
studying these data, one cannot help but to try to the-
orize about the dynamics of different types of societies.
Taking a very pro-Western and ignorant, prejudiced view,
one could say that these two countries are not up to the
‘societal standards’ of more ‘stable’ societies, such as UK
and USA and, hence, that is why the correlations are
so wild. Obviously conflict and cooperation events are
kept in check in a ‘stable’ society and that is why the
correlations of UK and USA are so flat. Using this logic,
though, the plots show that Iran and North Korea would
be approximately in the same ‘stable’ category as UK
and USA. This is armchair political science and the au-
thors are not making such grand claims, only presenting
their musings up to this point.
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FIG. 4: (Color online) Cumulative distribution functions for Afghanistan, Colombia, Switzerland and USA for 1990-2004 for
(a) conflict events (labelled as ‘V’) d and (b) cooperation events (labelled as ‘NV’).

Perhaps the slight anticorrelations seen in UK and
USA are significant and do point to some sort of self-
correcting mechanism within those countries. Seen with
a forgiving eye, those correlations could be considered
qualitatively different from those of Colombia, Iran and
North Korea. Again, though, this is simply speculation
and further work needs to be done. It is important to
look at such data with multiple measures [48]. We have
looked at power spectra of these time series and, initially,
do not see significant differences among the different na-
tions but more spectral analysis will be fun.

b. Is there a correlation between C/C events and ca-
sualties? The correlations between conflict events and
casualty data in Figure 3 show differences between con-
flict events and a random signal, indicating that there is
some correlation. This sounds obvious, in that conflict
events more so than cooperation events would lead to ca-
sualties. We want to quantify this relation better and to
do so will need to compare our event data with longer
time series of casualties, as we only used two years of ca-
sualty data here. We have very recently initiated a collab-
oration with the authors of [28] and have been granted
access to their casualty data for the countries that we
studied in this report and for many others. We will be
able to analyze the relation between conflict events and
casualties for a 15 year period. The roughly estimated
power law exponent of the individual event distributions
is approximately 2.5, which is that found for casualty dis-
tributions in [28]. This leads us to suspect that there is
a correlation but we must investigate this further.

c. Can C/C data be used as proxy for casualty data?
This is intimately related to the previous question and
we must wait and see.

d. Can C/C data be used in conflict early warning
systems? This is the main question that we would like
to answer. If it is a positive answer, then the hope would
be to use the resources of field journalists, in place with
news agencies, who report on the news in each country to

monitor potential areas of violent conflict, such as civil
war. Current conflict early warning systems (CEWS)
use specially trained human reporters in a country to try
to gather as much information as possible from observa-
tion and make judgements on the potential for conflict.
With limited resources, incomplete knowledge and error
in judgement the possibility for error is high using human
CEWS. Our hope is to be able to supplement traditional
CEWS with a quantitative analysis from more readily
available news sources from both national and interna-
tional reporting agencies.

Taking the approach of complex systems and self-
organized criticality, that correlated or uncorrelated noise
(events) can trigger correlated responses (casualties),
hints of the ghosts of failed predictions past. For in-
stance, such approaches have been applied to earthquake
prediction with little success [3, 49, 51, 52]. The financial
prediction field, with the tantalizing lure of riches made
through little understood, mysterious complexity meth-
ods, has shown more success with such approaches. But
there, as opposed to seismology, the success has been be-
cause the quantitative approaches supplement the knowl-
edge of experienced people in the ‘field,’ as it were—
traders and fund managers do not simply base their de-
cisions on charts but also on tips acquired through in-
side trading, as happened with Martha Stewart. In that
respect, human CEWS cannot be replaced by an event-
based approach but only helped. Perhaps a CEWS field
reporter could be warned about potential trouble spots
and can travel to that area and observe and speak with
people firsthand to check for trouble. An event-based
CEWS will be another tool for the toolbox of the human
field reporter.
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FIG. 5: PDFs of 8 most frequent events data. See text for description of event types. Left column, top three: conflicts. Right
column, top three, cooperation. Bottom row, both columns: neither conflict nor cooperation.
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“It is not possible in human affairs to start de novo with every change in wants, needs, and power
capabilities. Past choices preclude certain strategies or make them very costly. Institutions generated by
functional demands of the past can perpetuate themselves into a future whose functional imperatives are
radically different”

—S. Krasner [32]

VII. NEXT STEPS

Our future work involves the analyzing of our event
data with the newly acquired casualty data mentioned
above. This will greatly help us in answering three out
of four of our questions. Using a complex systems ap-
proach, we strongly believe in the strength of examin-
ing our system with multiple measures, including power
spectra and rescaled range (R/S). These measures can
indicate correlations in a time series. These tests are
ongoing.

Also, we want to test the hypothesis that an event–
casualty system can be viewed as a SOC system. SOC
systems have particular features, some of which have
been mentioned, such as power law regions in PDFs,
power spectra and rescaled range. They also have partic-
ular signatures of quiet and waiting times [41, 42], defined
as the times between the end of one event and the start
of another (quiet time) and the time between the initia-
tion of successive events (waiting times). We will further
test the SOC hypothesis by performing quiet and waiting
time analysis of event and casualty data.

We have tried to detach ourselves from a very unpleas-
ant aspect of our world. We are sickened by the con-

tinuing ongoing wars. We want to explicitly state that
our goal is not to help any side become stronger or more
efficient in its ability to wage war. If we could have any
result from this research, it would be that, eventually,
someone would be able to use some quantitative result or
technique to see that violent conflict was imminent in a
particular nation and would then travel there and peace-
fully bring about a reduction in tension. The science of
complex systems is beautiful and the SOC paradigm is
attractive but avoiding avalanches altogether would be
far more appealing.
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