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1 Introduction and Overview
The challenge of terrorism dates back centuries if not millennia. Until recently, the
basic approaches to analyzing terrorism—historical analogy and monitoring the
contemporary words and deeds of potential perpetrators—have changed little:
the Roman authorities warily observing the Zealots in first-century Jerusalem could
have easily traded places with the Roman authorities combatting the Red Brigades
in twentieth century Italy.
This has changed with the exponential expansion of information processing
capability made possible first by the development of the digital computer, followed
by the phenomenal growth in the quantity and availability of machine-readable
information made possible by the World Wide Web. Information that once circulated
furtively on hand-copied sheets of paper (or papyrus) is now instantly available—
for good or ill—on web pages which can be accessed at essentially no cost from
anywhere in the world. This expansion of the scope and availability of information
in all likelihood will change the dynamics of the contest between organizations
seeking to engage in terrorism and those seeking to prevent it. It is almost certainly
too early to tell which group will benefit more—many of the new media are less
than a decade old—but the techniques of processing and evaluating information
will most certainly change.
This chapter provides an extensive overview of inductive statistical and computational methodologies used in the analysis and forecasting of political violence, and
some of the challenges specific to the issue of analyzing terrorism. It is intended for
the non-specialist, but assumes a general familiarity with data and computational
methods. Our purpose is not to exhaustively explore any of these methods—each
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technique would typically require tens or hundreds of pages—but instead to provide
a sufficient introduction to the basic concepts and vocabulary, as well as a very
extensive sets of references, so that the reader can explore further on his or her own.
The psychologist and philosopher William James, in his Lowell Institute lectures
in 1906, subsequently published under the title Pragmatism: A New Name for Some
Old Ways of Thinking notes that the fundamental split in philosophy, dating to the
very origins of the field, is between “rationalists” who seek to find an intellectual
structure that will reveal a proper order in the world, and “empiricists,” who take
the disorder of the observed world as a given and simply try to make as much sense
of it as they can. More than a century later, we find exactly the same split in formal
approaches in the social sciences: The rationalist position is expressed in deductive
approaches such as game theory, expected utility models, systems dynamics and
agent-based models, which seek to explain behavior from a set of a priori firstprinciples and their consequent emergent properties. The empiricist approach is
found in inductive statistical and computational data-mining approaches which
extract structured information from large sets of observed data. Both approaches
are well-represented in this volume [38, 48, 103, 105, 117, 123, 151, 152] but this
review will focus only on the empirical approaches.
Throughout this chapter, we will generally be looking at models which focus
on forecasting and understanding political violence in general, not just approaches
to terrorism per se. This is done for two reasons. First, due to a combination
of data limitations and a paucity of interest in the research community prior to
the 2000s, the number of quantitative studies of terrorism was quite limited and
focused on a relatively small number of approaches [149]. However, the large-scale
research efforts did consider various forms of political violence more generally.
Second, most of those more general methods are at least potentially applicable to the
study of terrorism—in fact, many are generally applicable to almost any behavior
for which large amounts of data are available—albeit we will frequently caveat
these possibilities with concerns about some of the atypical aspects of terrorism, in
particular the distinctions between methods appropriate to rare-events analysis and
those dealing with high-frequency behaviors. Finally, in many instances, there is a
close relationship between situations of general political violence such as civil war
and state failure, and conditions which encourage the formation and maintenance of
terrorist groups, so political instability is of considerable interest on its own.
We will first provide a general overview the types of data commonly used
in technical forecasting models, then consider the two broad categories of computational models: statistical and algorithmic. Within statistical modeling, we
assess the strengths and weaknesses of the widely-used ordinal least squares and
logit methods, conventional time series approaches, vector-autoregression models,
event-history models, and a variety of techniques involved in rare-events analysis.
Within computational modeling, we consider supervised classification methods and
unsupervised clustering methods, and then look more specifically at the issue of
using event sequences for forecasting. Finally, we will briefly consider some of the
recent developments in computational network analysis.
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1.1 The Development of Technical Political Forecasting
There is both a push and a pull to the current interest in technical political
forecasting. As with many aspects of the Information Revolution of the past several
decades, some of this is driven purely by technology and the availability of data,
computational power and readily accessible software. We can do things that we
couldn’t do before, and clearly the impact of intellectual curiosity and technical
itches to scratch is a factor.
But if the technological factors were the only driver, we could satisfy that by
clicking on virtual cows and broadcasting our prowess on Facebook (http://www.
wired.com/magazine/2011/12/ff cowclicker/all/1). Instead, at the level of serious
policy analysis—mess up counter-terrorism, and real people die, with no option
to reset—the motivation is different: humans are appallingly bad at predicting
human behavior. The pathbreaking studies of Philip Tetlock [161], who assessed
the performance of 284 expert political forecasters in the assessments of more than
80,000 predictions over a 20 year period, found that their accuracy was barely better
than chance, and the record for some of the most publicly-visible forecasters, who
play to a crowd anxious for dramatic predictions, is actually worse than what could
be achieved by a dart-throwing chimpanzee. Tetlock’s results confirmed for the
political realm—albeit in much greater detail—similar findings in economics and
psychological assessment [94, 111] but were nonetheless a stunning indictment of
the “subject matter expert” as a prognosticator.
Tetlock’s work was particularly timely given the intellectual climate for the
development of statistical and computational models of political violence. The
earliest systematic studies of political violence using modern statistical methods
and standards for data collection date from the middle of the twentieth century, in
the work of British meteorologist Lewis Richardson [131]. This approach gained
considerable momentum in the 1960s with the “behavioral revolution” in political
science, which used the emerging technologies of social science statistics, digital
computing, and machine-readable data to begin the systematic assessment of various
theoretical propositions about political violence.
These found, for the most part, that the patterns in the qualitative “wisdom
literature” were far less generalizable than their advocates believed—perhaps
unsurprising in a world that had experienced two civilization-shattering wars in
only three decades—with the results on the “democratic peace” [12, 15, 81] being
the notable exception. This period saw the initial development of many large-scale
databases relevant to the study of political violence, including the Correlates of
War (http://www.correlatesofwar.org/) on international and civil war, Polity (http://
www.systemicpeace.org/polity/polity4.htm) on state political characteristics, and
early event data sets [8, 36, 99, 110] on political interactions in general. The data
sets collected specifically for the study of political behavior were supplemented
by readily-available global data on demographic, development, economic and trade
characteristics of states provided by organizations such as the United Nations (UN),
International Monetary Fund (IMF) and World Bank.
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The U.S. Department of Defense Advanced Research Projects Agency (DARPA)
funded a series of projects for the development of statistical forecasting in the 1970s
[4, 44, 85], and parallel efforts, using both statistical and computational (“artificial
intelligence”) methods continued in the political science community under National
Science Foundation funding [39, 76, 87, 160]. However, these early efforts were not
particularly successful in the production of robust, timely, and accurate forecasts.
In retrospect, neither the data nor methods available at the time were sufficient for
the task. By the 1980s U.S. government efforts had largely ended, though the basic
research in the academic community continued, as did some efforts by international
non-governmental organizations [45, 75, 79, 132].
The U.S. government re-engaged with the development of technical political
forecasting in the mid-1990s, motivated in part by the considerable progress in
the development of methods and data since the earlier efforts, and by dramatic
intelligence failures by human analysts on such events as the end of the Cold
War [64, 65], state failure in Somalia and the former Yugoslavia, and the Rwandan
genocide. The most conspicuous effort was the U.S. multi-agency State Failures
Project [60, 61], later renamed the Political Instability Task Force (PITF) [74], a
long-term collaboration between government analysts, contractors, and academic
researchers. After some initial missteps involving efforts which were overly complex, PITF developed models that predicted various forms of political instability
with 70–80% accuracy1 with a 2-year time horizon and global coverage. In the mid2000s, DARPA returned to the issue with the Integrated Conflict Early Warning
System (ICEWS) [117, 118], which achieved similar levels of accuracy.
As a consequence of these various efforts, technical forecasting of political
violence is now quite well developed and the subjects of numerous efforts in both
North America and Europe [18, 27, 33, 82–84, 118, 165, 167]. While most of these
studies look at violence and irregular political activity such as coups, a quantitative
literature has also emerged on the topic of terrorism; extended reviews of this
literature can be found in [66, 126, 127, 150, 169].

2 Data Sources
As noted in the previous section, one of the major factors fueling the development of
computation methods for the analysis and forecasting of political violence has been
the availability of machine-readable data sets. Collection of data sets has now been
underway for close to five decades—the Correlates of War Project, for example,
began in 1963—and are now the product of thousands of hours of careful research,
refinement and coding, and have been used in hundreds of studies. In other cases—
automated coding of atomic event data and analysis of the new social media—the

1

Defined here in terms of the percentage of conflict-onset cases correctly classified.
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collections are relatively new and unexplored, but potentially provide very large
amounts of data in near-real-time. These data are generally available on the web,
either through academic archives such as the Inter-University Consortium for
Social and Political Research (http://www.icpsr.umich.edu/icpsrweb/ICPSR/) and
Harvard’s Dataverse Network (http://thedata.org/), through government and IGO
sources such as USA.gov (http://www.usa.gov/Topics/Reference-Shelf/Data.shtml)
and the United Nations Statistics Division (http://unstats.un.org/unsd/databases.
htm) or—increasingly—through individual web sites established by the projects
collecting the data.
In this section, we will briefly describe some general types of data that have been
used in models of political violence, with comments on a few of the strengths and
weaknesses of each type. As with any typology, not all of the data sets fit clearly
into a single category, but most will.

2.1 Structural Data
Structural data refer to characteristics of a single political unit: typically this is a
nation-state but it could also be a province or city, or a militarized group. At the
nation-state level, classical structural measures include socio-economic variables
such as population, literacy and infant mortality rates, gross domestic product
(GDP), GDP per capita, percent urban population, ethnic composition, and the Gini
index measure of income inequality. Specialized political science data sets such
as Polity [104] and Freedom House [62] provide an assessment of a large number
of dimensions of governance, often at a very high level of detail: for example the
Institutions and Elections Project [130] has coded 127 characteristics of government
and electoral institutions for all countries with populations over 500,000 from
1972–2005.
At the (militarized) group level, structural data is available for a wide variety of
terrorism-related actors [6, 112, 153]. For instance, the Minorities at Risk (MAR)
and Minorities at Risk Organizational Behavior (MAROB) datasets each provide
extensive structural information on the social characteristics (e.g., ideology, religion,
population) of politically active communal groups throughout the world [6, 112].
Finally, note that structural data can be used either directly or indirectly. GDP
and population are good examples of direct measures: they are primarily used to
adjust for the economic capacity and number of people in a country. Probably the
best known indirect measure is infant mortality rate (IMR), which has consistently
emerged as a one of the most important predictors of political instability. This is
not due to any tendency of individuals whose children have died to immediately go
out and revolt, but rather because IMR has proven, in multiple independent studies,
to be a good indirect measure of a combination of poverty and the failures of a
government to deliver basic services.
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2.2 Dyadic Data
Dyadic data deal with relations between two entities. As above, these are usually
states but could also be individuals or organizations. Trade data—notably the IMF’s
Direction of Trade [89]—are some of the most commonly used. Again, depending
on the application, these can be used as either direct or indirect measures: trade
is important in its own right, but measures like bilateral trade can also reflect the
extent to which two states have common interests. Data on shared alliances, joint
international organization (IGO) membership and military involvement (as allies or
antagonists) are also readily available and are among the commonly used concepts
used to test traditional international relations theories.
In recent years, the most important development in dyadic measures has been
geospatial, which we discuss in Sect. 5.2. While the concept of political geography
is quite old, only recently have political-geographic measures reached a level where
they can be used systematically. However, political violence has a very strong
geospatial component—shared borders are consistently the single most important
predictor of whether states will engage in conflict, and overrides issues such as
commonalities or differences in religion, language and culture [15], and high levels
of terrorism tend to strongly cluster in both time and space—and these methods are
gaining increasing attention [34, 35, 37, 129, 162].

2.3 Atomic Event Data
“Atomic” events data—usually called simply “event data” in the literature are basic
units of political interaction coded from news sources that provide the date, source,
target, event-type of an interaction. These have a long history in the quantitative
analysis of conflict, with the early large data sets, the World Event Interaction
Survey (WEIS) [109, 110] and the Conflict and Peace Data Bank (COPDAB) [8, 9]
dating to the 1960s. While the original data were laboriously coded by (bored)
students working with paper and microfilm, starting in the 1990s collection shifted
to automated coding from machine-readable news wires [20, 67, 123, 138, 143],
which resulted in data sets coded in near-real-time containing millions of events
[72, 118, 143]. Along these lines, a number of more specialized event data sets
have recently been developed to specifically code terrorism events, and employ a
mixture of human and automated coding techniques to do so. Most notably, the
National Counterterrorism Center’s Worldwide Incidents Tracking System (WITS),
the Global Terrorism Database (GTD), and the Terrorism in Western Europe Events
Data set (TWEED) all provide wide coverage and detailed codings of terrorist
attacks and related events [114, 120, 163].
Most event data sets use systematic typologies to reduce the nearly infinite
variety of event descriptions possible in natural language reports to a manageable
number of categories that a computational model can be process. All of these
typologies have about 20 “macro” categories and around 100 more detailed
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subcategories. While the original event data collections focused almost exclusively
on nation-states, contemporary systems provide higher levels of substrate aggregation, sometimes down to the level of individuals [68, 147]. While most studies in
the past aggregated the events into a single cooperation-conflict dimension using a
scale [73], more recent approaches have created composite events out of patterns of
the atomic events [88, 140] or looked at sequences of events [50].

2.4 Composite Event Data
“Composite” data are those which code the characteristics of an extended set of
events such as a war, crisis, or terrorist incident: the Correlates of War project
(COW; http://www.correlatesofwar.org/) is the archetype; International Crisis Behavior (http://www.cidcm.umd.edu/icb/) is a more recent example as is the Global
Terrorism Database [reference to The Global Terrorism Database, 1970–2010
Gary LaFree, Laura Dugan, Chap. 1 in this volume]. And multiple characteristics
of the incident are coded. Composite event data are typically coded from a number
of reports of the event—as distinct from atomic event data, which generally looks at
single sentences—and typically code a large number of characteristics of the event.
At present, composite event data are usually coded by humans, though machineassisted coding approaches are becoming increasingly prominent due primarily to
automated “data field extraction” methods, able to rapidly locate information from
text, such as the number of individuals killed or the amount of aid promised.
In some instances, it may also be possible to define composite events such as
“civil war” by using patterns of the atomic events [88]. This would also make the
differences between definitions used by various project unambiguous (or at least
comparable) and allow the composite events to be easily constructed out of existing
data sets rather than starting every new project from the beginning, and dramatically
reduce the cost of this type of data.

2.5 Social Media and Other Unstructured Data Sources
The new social media—web sites, blogs, chat rooms, Twitter, Facebook, and other
information easily available on the web—represent an emerging frontier in data collection. The advantages of these sources are clear: they can provide direct access to
information about groups through the materials that they voluntarily make available,
they are easily accessible at nearly zero cost, and with automated natural language
processing, they can be analyzed in near-real-time. Social communication media
such as Twitter and Facebook also provide extremely finely-grained, minute-byminute data. In addition, a number of analysts have suggested that the social media
themselves are changing the character of political mobilization, as demonstrated by
the events of the “Arab Spring,” particularly in Tunisia and Egypt.
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Skeptics, however, have pointed out that social media also have some disadvantages. While access to the Web is increasing rapidly, it is still far from universal, and
social media in particular tend to be disproportionately used by individuals who are
young, economically secure, and well-educated. In areas with strong authoritarian
regimes, notably China, there are substantial (though not uniformly successful)
efforts to control the use of these media, and a government agency with even modest
resources can easily create a flood of false posts, sites and messages. While there
is some political content in these media, the vast bulk of the postings are devoid of
political content—OMG, Bieber fever!!!—and what relevant content does
exist may be deliberately or inadvertently encoded in a rapidly-mutating morass of
abbreviations and slang almost indecipherably to conventional NLP software. (This
contrasts to the news stories used to encode atomic event data, which generally are
in syntactically correct English.) Finally, a number of analysts have argued that the
critical communications development for political mobilization is the cell phone,
both for voice and texting, rather than the Web-based media.

2.6 The Challenges of Data Aggregation
In most instances, conflict data comes pre-aggregated: no assembly required.
However, researchers interested in analyzing specific events extracted form the text
(which is common in event data studies as well as social network analysis), must
make critical aggregation decisions in three areas to convert the raw text or ‘event
triplets’ into a format suitable to their models of choice: (1) actors (2) actions,
(3) temporal. (In contrast, techniques such as sentiment analysis and unsupervised
clustering algorithms (see Sect. 4.2.2), are equipped to analyze text in its raw format.

2.6.1 Actors
Most major event data datasets—including WEIS, CAMEO, ICEWS, and VRA—
code the source and target actors for each event in the data set. However, many
of these actors may be irrelevant to the specific outcome-of-interest. For example,
a study focusing on Israeli-Palestinian conflicts would not want to include events
between Aceh rebels and the Indonesian army, as these are not relevant to the
conflict of interest. Although excluding Indonesian rebel activity is obvious in this
case, more difficult decisions exist, such as whether or not to include events between
members of the Lebanese and Syrian armies, or the governments of the United
States and Iran in a study of conflict between Israel-Palestine. Yonamine [170]
provides a more detailed description of event data aggregation.
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2.6.2 Actions
Event datasets use a numerical code to reflect the specific type of event that is occurring between the two actors. Since the numerical codes do not carry intrinsic value,
researchers manipulate the code to reflect meaningful information. The majority
of extant event data literature either scales all events, assigning them a score on a
conflict-cooperation continuum or generates event counts reflecting the number of
events that occur within conceptually unique categories. The Goldstein Scale [73],
which is the most commonly used scaling technique within the event data literature
[73, 77, 125, 136, 138], assigns a value from a 10 to C10 conflict/cooperation
scale, with 10 reflecting the most conflictual events and 10 indicating the most
cooperative.
Despite the preponderance of the Goldstein scale, a number of other studies
[140, 141, 144] utilize count measures. Duvall and Thompson [51] put forth the
first event data count model by placing all events into one of four conceptually
unique, mutually exclusive categories: verbal cooperation, verbal conflict, material
cooperation, material conflict. Although this count approach is more simplistic than
scaling methods, [135, 144] find strong empirical results using this count method of
action aggregation.

2.6.3 Temporal
Finally, scholars must temporally aggregate data in order to perform empirical
analyses at levels appropriate for their theory or empirical models of choice. All
of the previously mentioned event data sets code the exact day on which events
occur. As the specific time-of-day that events occurred is not reported, events must
at the very minimum be aggregated to the daily level [125,135,144], though weekly
[26, 148], monthly [136, 165], quarterly [93], and annual level aggregations are
common within the literature. By aggregated, we mean that the events occurring
within the selected temporal length must be jointly interpreted. Common approaches
are to calculate the sum or the mean of events that occur within the chosen temporal
domain.

3 Statistical Approaches
Most of the work on forecasting political conflict has used statistical modeling, since
this has a much longer history in political science than algorithmic and machine
learning approaches. While the bulk of these studies have focused on simply interpreting coefficient estimates within the “frequentist” mode of significance testing, a
method which has proven to have little utility for predictive modeling [165], more
recent work has taken prediction seriously, both using classical time series models
and more recently a substantial amount of work using vector autoregression (VAR)
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models. In addition, recent work has focused on one of the most challenging aspects
of forecasting, particularly when applied to counterterrorism: the fact that these
events occur very rarely. While this presents a serious challenge to the method, a
number of sophisticated methods have been developed to deal with it.

3.1 Cross-Sectional Regression and Logit
By far the most common statistical model in contemporary research—probably
accounting for at least 80% of the studies—are variants on ordinary least squares
regression and the closely-related logit model. Ordinary least squares regression
uses equations of the form
Yi D ˇ1 xi1 C    C ˇp xip C "i D xi0 ˇ C "i ;

i D 1; : : : ; n;

(1)

Logistic regression, in contrast, is used to predict a values between 0 and 1—
typically interpreted as a probability—and does this by using an equation of the
form
1
ez
Yi D z
D
(2)
e C 1 1 C e z
where the variable “z” is usually defined as
z D ˇ0 C ˇ1 x1 C ˇ2 x2 C ˇ3 x3 C    C ˇk xk ;

(3)

While these approaches have been used extensively in the academic literature,
their practical utility is, unfortunately, quite limited due to a reliance on the
“frequentist” significance testing approach. Extended discussions of this issue can
be found in [3, 70, 96, 137] but briefly, significance testing was originally developed
in the early twentieth century to study problems where the “null hypothesis” of
a variable having no effect was meaningful (the archetypical example is whether
a new medicine has a different effect than a placebo). In some political science
applications, this is still valid—for example, determining whether a forthcoming
election is a “statistical tie” based on opinion polling—but in most models a variable
is generally not included unless there are theoretical (or common sense) reasons to
assume that it will have at least some effect. Because this is all that the significance
test is assessing—a non-zero effect, not an effect that has some meaningful impact—
the information it provides is limited and all but negligible for predictive problems
[165].
Although the frequentist approach can be useful in weeding out variables that
might seem to be important but in fact are not, in contemporary models that
tend to be complex, even this should be interpreted with caution. Linear models
are particularly susceptible to problems of “colinearity” when the independent
variables xi are correlated—as is often the case, particularly in models where
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a researcher is experimenting with several measures of a diffuse concept such
as “economic development” or “authoritarianism”—and in the extreme (but not
uncommon) case, colinearity can cause the estimated direction of a variable to be the
opposite of what it would be in the absence of the colinearity. Specification error—
leaving out a variable that in fact has a causal link to the dependent variable Yi —is
another issue, and has the unfortunate impact of inflating the estimated coefficients
of the variables which are in the model.
Finally, the existing literature tends to use complex models, often with a dozen
or more variables, despite the fact that a large set of literature, going back as early
as the 1950s [111], with the lesson repeated by [3] about a decade ago, indicates
that simple models are preferable, for at least two reasons. First, complex models
tend to “fit the error,” providing overly-optimistic assessments of the accuracy of
the model based on the existing data, with those estimates decreasing the accuracy
of the model once new data are available. Second, the nearly inevitable presence
of colinearity in non-experimental social science variables tends to increase the
variance of the estimated coefficients as the number of independent variables
increase.
On the positive side, the strengths and weaknesses of linear models have
been studied for decades and are well-understood. The problems noted above are
widespread but not inevitable, and models which have confirmed the same result
in a wide variety of formulations—for example on the impact of geographical
contiguity, joint-democracy and trade on interstate conflict, and the impact of
economic development on political instability—are probably robust. There has
also been a gradual shift away from the classical frequentist approaches to the
“Bayesian” approach [71, 92], which simply uses the data to adjust estimate of
the distribution of the coefficient, rather than employing either/or significance tests,
as well as methods such as matching cases within a sample [121] which can improve
the accuracy of the coefficient estimates.

3.2 Classical Time Series
Classical time series models predict the future value of a continuous variable based
on some combination of the past values, usually with a focus on reducing the
systematic error in the model to “white noise”, that is, errors with a mean of zero
and the correlation between any "t and "s is equal to zero. The classical reference
is [22], an open-source introductory is available at http://statistik.mathematik.uniwuerzburg.de/timeseries/, and an extended treatment can be found in [78]. Examples
in the literature on forecasting political conflict include [79, 125, 145, 146]; [124]
provides a general reference with respect to applications in political science.
The notation AR(“p”) refers to the autoregressive model of order “p”. The
AR(“p”) model is written

140

P.A. Schrodt et al.

Xt D c C

p
X

'i Xt i C "t

(4)

i D1

where '1 ; : : : ; 'p are the parameters of the model, c is a constant and "t is white
noise. In most applications, the error terms "t are assumed to be independent,
identically-distributed, and sampled from a normal distribution.
The notation MA.q/ refers to the moving average model of order q:
Xt D  C "t C

q
X

i "t i

(5)

i D1

where the 1 ; : : : ; q are the parameters of the model,  is the expectation of Xt
(often assumed to equal 0), and the "t ; "t 1 ; : : : are white noise error terms.
The notation ARMA.p; q/ refers to the model with p autoregressive terms and q
moving-average terms, where a moving average is defined by . This model contains
the AR.p/ and MA.q/ models,
Xt D c C "t C

p
X
i D1

'i Xt i C

q
X

i "t i

(6)

i D1

In practical terms, classical time series models are useful for phenomena where
the current value of the variable is usually highly dependent on past values. This
“incremental behavior” is characteristic of a great deal political behaviors, notably
public opinion, budgeting, and most conflict behavior: once a civil war or insurgency
gets going, it is likely to continue for a while, and once peace is firmly established,
that is also likely to the maintained. In such situations, the best predictor of the
variable at time t is its value at time t  1 Consequently, these models are very
widely used.
Incremental models, however, have a critical weakness: by definition, they
cannot explain sudden change, whether isolated incidents or the onset and cessation
of protracted behaviors. An autoregressive model can have a very good overall
predictive record but still miss the beginning and end of a conflict, and these may be
of greatest interest to decision-makers.
The classical time series literature places a great emphasis on the characteristics
of the error terms. While these are treated in the literature as random variables, in
practical terms, much of the “error” is simply the effects of variables that were not
included in the model. Because most social and demographic indicators and many
economic indicators are also very strongly autoregressive—for example indicators
such as infant mortality rate and literacy rarely change more than a percentage
point year to year—these “errors” will strongly correlate with their lagged values,
hence the interest in the MA and ARMA models. Unfortunately, disentangling
the effects of autoregressive variables and autoregressive errors is extraordinarily
difficult in many circumstances, which in turn has led to the development of vectorautoregressive models, discussed in Sect. 3.3.
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Finally, one will occasionally encounter questions about “co-integration” and
“non-stationarity” in time series models [113]. This issue generally arises in
situations where exponential growth is occurring in the variable, as can happen
in situations of hyper-inflation, individuals who are really lucky in their choice
of stocks or really unlucky in their choice of real estate markets. While conflict
data will switch between modes—peace, crisis and war—and this is a form of nonstationarity (which refers to a change in the statistical characteristics of the errors),
this is not an issue of co-integration. Unfortunately, the tests for co-integrated time
series have a very high probability of incorrectly identifying it in situations where
the autoregressive coefficient is close to 1.0—that is, the variables change very
little from time period to time period—and hence conflict time series can easily
be incorrectly identified as co-integrated.
A second common problem encountered in time series with conflict data are
“time series cross sections” (TSCS), where data are collected across a number of
cases across a period of time (for example, incidents of terrorism by country-year).
Because these cases are not independent—in particular, contemporary trans-national
terrorist groups operate in multiple countries—this will affect the estimates of the
coefficients and methods that do not adjust for this can give misleading results
[10, 11].

3.3 Vector Autoregression Models
A relatively recent modification of the classical time series approach has been
vector autoregression (VAR) models. Originally developed by Sims [154] and
used primarily for financial forecasting, VAR models were also used in some of
the earliest applications of sophisticated econometric modeling to assessment
of terrorist strategies [52–54, 58] and have been used in a number of policyoriented studies in the post-9/11 period [28, 29, 55–57, 59], as well as more general
applications to conflict early warning [26, 30, 63].
A p-th order VAR, denoted VAR.p/, is
yt D c C A1 yt 1 C A2 yt 2 C    C Ap yt p C et

(7)

where c is a k  1 vector of constants, Ai is a k  k matrix (for every i D 1; : : : ; p)
and et is a k  1 vector of error terms.
The distinctive characteristic of VAR approaches is their emphasis on response
functions rather than on the interpretation of individual coefficients. VAR takes
as a given the fact that if the specified model is correct, the relations between
the variables—or technically speaking, their colinearity—will make the uncertainty
in the estimated coefficients very large even when the predictive accuracy of the
system as a whole is quite high. Consequently, rather than trying to interpret
those coefficients, an analyst looks at the effects—including error bands—of
an exogenous change propagating over time through a series of inter-dependent
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variables. The downside of VAR is that it is very data-intensive and requires data
measured consistently across a large number of time points.
A more recent variation on VAR models has been the addition of “switching”
components, which allow for the impact of distinct regimes on the behavior of the
system [155]. While originally developed for the study of foreign exchange markets,
this is clearly applicable to political conflict situations where the system is likely
to behave differently in times of peace than during times of war. Bayesian versions
have also been developed [26] and applied to cases such as the conflict in the Middle
East [25, 27].

3.4 Event-History and Survival Models
A different approach to conventional time series and VAR, but somewhat similar
to the probabilistic interpretation of logit models, is the event-history or survival
model approach [24, 86]. Rather than trying to predict the value of a behavior at a
specific time, these models predict probabilities of events, and in particular look at
the change in probability over time of the next event occurring. The models were
thoroughly developed in the bio-medical literature to model disease prognosis—
hence the term “survival”—prior to their application in political science. See
[23, 41, 42] for applications to political conflict.
The “survival function” is defined as S.t/ D Pr.T > t/ where t is time, T is a
random variable indicating when the event—for example the next terrorist attack, or
the end of a terrorist organization—occurs, and Pr is probability. In many models,
the focus of the analysis is the “hazard function”
.t/ dt D Pr.t  T < t C dt j T  t/ D

f .t/ dt
S 0 .t/ dt
D
S.t/
S.t/

(8)

which the event rate at time t conditional on survival until time T , T  t. From
these functions, information such as the average number of events in a given period
or average lifetime can be derived.
Of particular interest in survival analysis is the overall shape of the hazard
function. For example, a survival function which levels off indicates that once
an interval has occurred without an event occurring, it is less likely to occur
again, whereas a survival function that declines linearly means that the occurrence
or nonoccurrence provides no information. Other forms are also possible—for
example many biological organisms exhibit a U-shaped hazard function, meaning
that mortality is high in the early stages of life, then becomes low for a period of
time, then rises again as the organism reaches its natural age limit.
A key downside of survival models is the difficulty that humans have in working
with probabilities [94, 161]. In addition, the models are relatively new to the study
of political conflict, due to earlier constraints of computational feasibility and the
availability of appropriate estimation software. However, with these constraints
removed, there are likely to be more such applications in the future.
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3.5 Rare-Events Models
In most studies of political violence, the occurrence of violence is rare relative to
the instances wherein violence did not occur. This poses a number of challenges to
the empirical analysis of terrorism. When the absolute number of observations (or
actual terrorism-events) in a sample is low, the rarity of terrorism can bias coefficient
estimates and underestimate the probability of terrorist events. Even When one
has a large sample of terrorist incidents, the relative rarity of these events and the
preponderance of zeroes that this rarity entails can pollute samples with “non-event”
observations that effectively have zero likelihood of ever experiencing terrorist
events. This “zero inflation” contaminates terrorism-event data with multiple (latent)
data generating processes, which when unaccounted for, can similarly bias estimates
and predicted probabilities—often again by understating the true occurrence of
terrorism.
Within logit models of binary terrorism data (see Sect. 3.1 above), scholars have
shown that information content deficiencies of these sorts are primarily a function of
two dynamics: the total number of observations within one’s sample (“N”), and the
mixture of 1’s and 0’s therein [97]. In such instances, estimates will be biased downward due to an underestimation of the variance around P r.ZjY D 1/ and common
methods for computing predicted probabilities will exacerbate this bias through
their disregard for estimation uncertainty [97]. While such concerns may not at
first appear to be detrimental to ‘big data’ analyses, they are nevertheless highly
relevant to large-N conflict studies given the growing importance of in-sample and
out-of-sample forecasting techniques in the discipline [12, 166]. Indeed, even for
large-N event data sets, the practices of subdividing data sets into smaller training,
test and validation-data sets will frequently necessitate that scholars address these
concerns in order to achieve stable and comparable estimates of conflict forecasts
across sub-samples.
SOMA behavior models and CAPE models—which we discuss in more detail in
Sect. 4.4 below—provide one potential solution to this problem [107, 157]. These
models account for behavioral changes, and have been found to be especially useful
in modeling the behaviors of terrorist groups under the specific rare-event contexts
outlined above. Within the political science literature, an alternative approach is the
‘rare-events logit’ model, which addresses these challenges by treating rare-events
as a sampling design problem. Provided that the dataset has a representative (or
complete) sample of actual terrorism events, this approach calls for researchers to
then augment their samples of observed terrorism events with a comparable, random
sub-sample of all corresponding non-events. When this strategy is consistent with
the assumptions of ‘case-control’ or ‘case-cohort’ sampling approaches, unbiased
coefficient estimates and predictions can be derived by adjusting logit estimates
and predicted probabilities for the true ratio of events to non-events within the
population (or an estimate thereof) during model estimation [97]. This makes
such an approach particularly advantageous for empirical studies of terrorism that
(i) employ in-sample and out-of-sample forecasting techniques (ii) focus on a
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specific region or country over a short period of time, or (iii) require additional
variable coding or data collection that, due to time or money constraints, cannot be
completed for an entire sample of interest.
A second challenge to the analysis of rare-event data arises from the corresponding preponderance of zero (non-event) observations within such data sets. As recent
studies note [126], many zero-observations in terrorism-event data sets correspond
to country or region cases that have no probability of experiencing a terrorist-event
in any period of interest. In these instances, empirical analyses of conflict-event data
risk conflating two distinct types of zero-observations; one for which the probability
of terrorism is non-zero but terrorism-events nevertheless didn’t occur, and one
wherein the probability of terrorist-events is consistently zero. Given that the latter
set of zero-cases often arise as the result of covariates that correlate or overlap with
one’s primary independent variables of interest, ignoring zero-inflation processes of
these sorts not only leads to an underestimation of terrorist events generally, but can
also bias specific coefficient estimates in indeterminate directions. To correct for
these biases, one must conditionally model both the zero-inflation process and the
main outcome of interest.
Zero-inflated mixture-models specifically address these very problems, most
notably within the contexts of event-count models such as Poisson or negative
binomial estimators. In essence, these models employ a system of two equations
to estimate the combined probability of an observation (i) being inflated and
(ii) experiencing an event-outcome of interest—usually by including separate but
overlapping covariates as predictors for each respective equation. For example, one
could expand the logit model presented in Eq. 13 above to the zero-inflated logit
approach by incorporating a second, “inflation-stage” logit equation as so,


1Yi

1
1
1
f .z; w/ D
1
C 1
1 C e w
1 C e w
1 C e z


Yi
1
1
 1
(9)
1 C e w
1 C e z
where the variable “w” represents the additional set of inflation-stage covariates;
w D ˇ0 C ˇ1 v1 C ˇ2 v2 C ˇ3 v3 C    C ˇk vk ;

(10)

which may or may not overlap with z [13]. Zero-inflated models thereby add
an additional layer of nuance to the empirical modeling of conflict-events by
estimating both the propensity of ever experiencing an event of interest and the
likelihood of experiencing an event of interest conditional on being able to do so.
This allows one to use ex-ante observable and theoretically informed covariates
to account for the probability that a given zero observation is ‘inflated’, and to
then probabilistically discount these zeroes’ leverage within one’s primary analysis
without dropping these observations entirely. While such zero-inflated modeling
approaches have been most extensively applied to political violence count-data
[14,40,126], zero-inflated models have also recently been developed and applied by
conflict-researchers to a variety of other limited dependent variables [83, 159, 168].
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4 Algorithmic Approaches
Although more traditional “statistical” models still dominate quantitative studies
of political conflict, “algorithmic” approaches have proven effective, thus gaining
momentum not just within political science [21, 139] but also in other disciplines.
For example, computer scientists have developed the CONVEX [157], CAPE [106],
and SOMA [107] tools to forecast terrorist group behavior. While we will follow
common practice in using the “statistical” vs. “algorithmic” distinction to differentiate between methodologies, there is overlap between the two definitions. For
example, linear regression is consider a canonical “statistical” approach, but as we
describe in Sect. 4.1.1, it is also a straightforward example of a supervised linear
“algorithm”.
In general, by algorithmic approaches, we refer to specific models (such as neural
networks or random forests) or techniques (like bagging and boosting) that attempt
to leverage computational power to specify and train models through iterative
resampling techniques and to build and assess out-of-sample predictions, rather than
obtaining a single estimate of the model coefficients. Algorithmic approaches can
provide a number of benefits over statistical models and are particularly relevant to
forecasting terrorism for at least the following four reasons.
First, machine learning algorithms are often better suited than many traditional
statistical models at handling ‘big data’ data sets with large numbers of independent variables that potentially exceed the number of observations. Second, these
algorithms are also less dependent on rigid assumptions about the data generating
process and underlying distributions. Third, as opposed to some statistical models,
many machine learning algorithms were specifically designed to generate accurate
predictions, and do this exceedingly well. Finally, a number of the algorithmic
approaches approximate the widely used qualitative method “case-based reasoning”
[95,108,116] which match patterns of events from past cases to the events observed
in a current situation, and then use the best historical fit to predict the likely outcome
of the current situation; [134, Chap. 6] gives a much more extended discussion
of this approach. This similarity to the methods of human analysts accounted for
these methods originally being labeled “artificial intelligence” in some of the early
studies.
Indeed, major trends in the empirical study of political violence, such as the
‘big data’ revolution and an increasing interest in predictive models, mean that
algorithmic approaches will likely become increasingly popular in the coming
years. In the following sections, we address some of the most relevant machine
learning algorithms for forecasting political violence. Following standard practices,
we divide algorithmic approaches into two general, though not mutually exclusive
categories, supervised and unsupervised algorithms, with an additional discussion
of sequence analysis techniques.

146

P.A. Schrodt et al.

4.1 Supervised Cross-Sectional Classification Methods
Using the language of political science, supervised algorithms require an observed
dependent variable value—be it binomial, continuous, or categorical—and at least
one independent variable for each observation. The vast majority of quantitative
studies of political violence employ data that meet the requirements of supervised
algorithms. In the following section, we discuss the two supervised algorithmic
approaches that have received the most attention in the political violence literature,
linear models and neural networks, and also discuss tree-based approaches that have
yet to take hold in the study of political violence but have proven successful at
forecasting in other disciplines.
4.1.1 Linear Approaches
Though generally thought of as a statistical approach, liner regression is also one of
the most common and straightforward examples of a supervised learning algorithm.
The dominance of linear regression among the broader group of existing supervised
linear approaches is not fully unwarranted, since linear regression contains nice
attributes, such as being “BLUE”—the Best Linear Unbiased Estimator. Additionally, and perhaps more importantly, linear regression approaches are widely taught,
straightforward to interpret, and easy to implement with one line of code (or a few
clicks of a drop down menu) in virtually every statistical package.
Consistent with the widespread use of the linear method, other supervised
approaches similarly utilize a line (in <3 dimensions) or a hyper plane (in >2
dimensions), such as linear discriminant analysis (LDA) and support vector machines (SVM). LDA is a supervised linear classification algorithm that produces
nearly identical results to linear regression when Y takes on two classes, but can
outperform multinomial logit and probit models as the number of classes exceeds 2
[80, pp. 106–114]. SVMs are an additional linear classification supervised algorithm
that is most commonly used in problems such as text classification when the number
of covariates (i.e. words in the text example) exceeds the number of observations.
[49,142] demonstrate the strength of SVMs in classifying articles for the Militarized
Interstate Disputes 4.0 (MID4) project, while [90] uses SVM to extract events of
terrorism from text.
4.1.2 Neural Networks
Aside from traditional linear regression approaches, neural networks have arguably
received the most attention in quantitative political violence literature among
supervised learning algorithms due almost entirely to Beck, King and Zeng’s
important article on forecasting interstate conflict [12]. (Neural networks can also
be applied in an unsupervised setting: see [98].) Neural networks were originally
created to model complex data characterized by a large number of nodes that receive
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and process input functions and then transfer information to other nodes, such as
neurons in the case of the human brain.
Although most work with neural networks seems far removed from terrorism,
[12] articulately explain how supervised neural networks are not only an appropriate algorithmic approach to predicting violence but can also be applied as a
straightforward extension to logistic regression. Like a logistic regression, neural
networks can be applied to a traditional TSCS dataset with a binary dependent
variable to generate predicted probabilities that are interoperated identically to the
 parameter of logistic regression. However, the primary advantage of a neural
network approach is that they are able to account for the potential of ‘massive
nonlinear interaction effects’ that may causally link the independent variables to
the outcome of interest without having to directly specify interactive or non-linear
terms to the model as required in a logistic. [12] demonstrate that the neural network
approach consistently outperforms logistic regression in out-of-sample accuracy
measures. Though we are unaware of neural networks being applied in studies of
terrorism, it is likely that doing so could yield similar improvements in predictive
accuracy.
4.1.3 Tree-Based Algorithms
Though yet to gain traction in the political violence literature, tree-based approaches
[80, pp. 305–317, 587–604] are commonly used to generate accurate predictions
in a host of other disciplines, including finance, medicine, computer science, and
sociology. In brief, tree-based algorithms operate by iteratively partitioning the data
into smaller sub-sets based on a break-point in a particular independent variable.
This process is repeated with the goal of creating bins of observations with similar
Yi values (for continuous data) or class (for categorical data).
We highlight three important factors that contribute to the strong predictive
accuracy of tree-based approaches. First, trees can be used to forecast both continuous (i.e. “regression trees”) and binomial (i.e. “classification trees”) dependent
variables. Second, tree-based approaches, such as random forests, are not sensitive
to degrees of freedom and can handle more independent variables than observations. Third, leading tree-based approaches incorporate iterative re-sampling,
weighting, and model averaging strategies like bagging and boosting techniques
[156], which tend to enhance accuracy and stability vis-à-vis other supervised
learning classification and regression algorithms. In social science applications of
tree-based algorithms, [16] and [17] demonstrates that random forests can help
generate accurate forecasts of violent crime rates in the United States. Despite the
scarcity of tree-based approaches in political science, scholars in other disciplines
ranging from ecology (see [43]) to transportation studies (see [158]) have generated
accurate predictions using this approach. As the quantitative political violence
literature continues to progress, it will behoove scholars to continue experimenting
with supervised forecasting algorithms that have demonstrated their value in other
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disciplines. We believe that tree-based approaches, especially boosted regression
trees (BRTs) and boosted random forests, are particularly useful for scholars
attempting to forecasting terrorism.

4.2 Unsupervised Methods
Unlike supervised learning algorithms that train a model based on relationships
between a matrix of covariates and a corresponding vector of observed dependent
variables for each observation, unsupervised approaches are applied to datasets for
which dependent variables are ‘latent’ and therefore not directly provided. Though
the concept of unsupervised algorithms may seem abstract, useful applications exist
in the study of political violence. We describe two types of particularly relevant
unsupervised learning algorithms in the following sections dimensionality reduction
and clustering approaches. (Hidden Markov Models (HMMs) can also be classified
as an unsupervised learning algorithm, but we present it in Sect. 4.3 as a sequencebased approach.)

4.2.1 Dimension Reduction
Factor analysis is a general algorithmic approach to reduce the dimensionality of
matrix of potential covariates by identifying latent attributes. Principal components
analysis (PCA) is a more restricted form of factor analysis and [91] is among the
oldest (circa 1901) and most commonly employed dimension reduction tools in the
social science [69]. In brief, the PCA algorithm works by analyzing relationships
among the covariates and using these to create a new set of orthogonal variables
called “principal components” that reflect the latent attributes and can be used in
place of the original set of covariates in a quantitative model. Certain models, like
linear regression, are sensitive to degrees of freedom and cannot operate when a
dataset contains more covariates than observations. In these instances, a researcher
can implement PCA or a similar approach to sufficiently reduce the dimensionality
of covariates to enable the linear regression to converge [2].

4.2.2 Clustering
Clustering approaches such as k-means and Latent Dirichlet Allocation are similar
to dimension reduction in that they attempt to identify latent classes amongst a
set of observations, but differ in that they identify discrete, rather than continuous
solutions like PCA and FA [69]. Within the machine learning literature, k-means
approaches are among the most commonly used clustering algorithms, though their
application to the study of political violence has been scarce [80, pp. 509–520].
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However, [139] demonstrate that k-means can successfully identify latent clusters
within event data that identify phases of violence in the Middle East.
Latent Dirichlet Allocation [19] is another clustering algorithm that is primarily
applied to raw text. In the typical Latent Dirichlet Allocation application to
document classification, each document is assumed to be a mixture of multiple,
overlapping latent topics, each with a characteristic set of words. Classification is
done by associating words in a document with a pre-defined number of topics most
likely to have generated the observed distribution of words in the documents.
The purpose of LDA is to determine those latent topics from patterns in the data,
which are useful for two purposes. First, to the extent that the words associated with
a topic suggest a plausible category, they are intrinsically interesting in determining
the issues found in the set of documents. Second, the topics can be used with other
classification algorithms such as logistic regression, support vector machines or
discriminant analysis to classify new documents.
Despite the surface differences between the domains, the application of Latent
Dirichlet Analysis to the problem of political forecasting is straightforward: it is
reasonable to assume that the stream of events observed between a set of actors
is a mixture of a variety political strategies and standard operating procedures
(for example escalation of repressive measures against a minority group while
simultaneously making efforts to co-opt the elites of that group). This is essentially
identical to the process by which a collection of words in a document is a composite
of the various themes and topics, the problem Latent Dirichlet Analysis is designed
to solve. As before, the objective of Latent Dirichlet Analysis will be to find those
latent strategies that are mixed to produce the observed event stream. These latent
factors can then be used to convert full event stream to a much simpler set of
measures.
The Latent Dirichlet Analysis approach is similar in many ways to the hidden
Markov approach (Sect. 4.3). In both models, the observed event stream is produced
by a set of events randomly drawn from a mixture of distributions. In an HMM,
however, these distributions are determined by the state of a Markov chain, whose
transition probabilities must be estimated but which consequently also explicitly
provides a formal sequence. An Latent Dirichlet Analysis, in contrast, allows any
combination of mixtures, without explicit sequencing except to the extent that
sequencing information is provided by the events in the model.

4.3 Sequence Development: Hidden Markov Models
Hidden Markov models (HMM) are a type of stochastic signaling model that has
become increasingly popular in computing the probability that a noisy sequence
was generated by a known model, most notably in speech recognition and protein
sequence comparison. A detailed discussion and application of the method to the
problem of forecasting terrorism can be found in [123] in this volume; other
applications to political forecasting include [21, 133, 135, 144].
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An HMM is a variation on the well-known Markov chain model, one of the most
widely studied stochastic models of discrete events. Like a conventional Markov
chain, a HMM consists of a set of discrete states and a matrix A D aij of
transition probabilities for going between those states. In addition, however, every
state has a vector of observed symbol probabilities, B D bj .k/ that corresponds to
the probability that the system will produce a symbol of type k when it is in state j.
The states of the HMM cannot be directly observed and can only be inferred from
the observed symbols, hence the adjective “hidden.”
In empirical applications, the transition matrix and symbol probabilities of an
HMM are estimated using an iterative maximum likelihood technique called the
Baum-Welch algorithm which finds values for the matrices A and B that locally
maximize the probability of observing a set of training sequences. Once a set of
models has been estimated, they can be used to classify an unknown sequence by
computing the probability that each of the models generated the observed sequence.
The model with the highest such probability is chosen as the one which best
represents the sequence.
The application of the HMM to the problem of classifying international event
sequences is straightforward. The symbol set consists of the event codes taken
from an event data set such as IDEA [123] or CAMEO [143]. The states of the
model are unobserved, but have a close theoretical analog in the concept of crisis
“phase” [101]. Different political phases are distinguished by different distributions
of observed events from the event ontology. Using CAMEO coding as an example, a
“stable peace” would have a preponderance of cooperative events in the 01–10 range
which codes cooperative events; a crisis escalation phase would be characterized by
events in the 11–15 range (accusations, protests, denials, and threats), and a phase of
active hostilities would show events in the 18–22 range, which codes violent events.
An important advantage of the HMM is that it can be trained by example
rather than by the deductive specification of rule. Furthermore, HMMs require no
temporal aggregation. This is particularly important for early warning problems,
where critical periods in the development of a crisis may occur over a week or
even a day. Finally, indeterminate time means that the HMM is relatively insensitive
to the delineation of the start of a sequence: It is simple to prefix an HMM with
a “background” state that simply gives the distribution of events generated by a
particular source (e.g. Reuters/IDEA) when no crisis is occurring and simply cycle
in this state until something important happens.

4.4 Sequence Analysis: Sequence Matching
Sequence analysis is a method that assesses the degree of similarity between two
or more 1xN vectors, commonly populated by numerical or categorical inputs.
Scientists first developed the approach as a tool to locate matches between different
genomic D.N.A. sequences [31, 46] and it has since been applied to various
disciplines including sociology [1] and demographics [102]. Although existing
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Table 1 Archetype sequence the precedes an attack against the base
Variable
Level of civilian casualties
Number of ambush attempts
against patrol units
Attack on base?

Weekt4
1
3

Weekt3
2
3

Weekt3
3
3

Weekt1
4
0

Weekt
N/A
N/A

No

no

No

No

Yes

studies using sequence analysis primarily focus on matching rather than forecasting,
Martinez et al. [106], Silva et al. [157], and D’orazio et al. [50], do utilize sequence
analysis-based algorithms for the explicit goal of prediction.

4.4.1 Archetypal Sequence Matching
D’orazio et al. suggest an archetype-driven approach to sequence analysis with
the explicit goal of predicting political violence that uses sequence analysis to
build features on which a statistical or algorithmic model produces out-of-sample
forecasts. For this archetype approach be succeed, it requires the existence of
a distinct pattern of events (i.e. an archetype) that tends to precede a given
outcome-of-interest. If such an archetype exists, then a model may be able to
forecast the outcome of interest based on the extent to which a sequence whose
outcome is unknown (for example, events being observed in real time) is similar
to the archetype sequence. The process of using this archetype-driven sequence
analysis approach for prediction follows four main steps:
1.
2.
3.
4.

Define the archetype(s)
Calculate distances
Train a model
Build out-of-sample forecasts

To more clearly explain this approach, we use a hypothetical example to
demonstrate each of the four steps above. Imagine our goal is to predict a binary
variable indicating whether or not an American military base will be attacked in
the upcoming week. Looking back, officers notice patterns in the level of civilian
casualties (scale of 1–4, 4 being most severe) and the number of attempted ambushes
on patrol missions that have occurred in peaceful weeks that precede an attack on
the base. Table 1 completes <Step 1> as it reflects the pattern of events that
tends to precede an attack against the base in terms of archetypical sequences. If
officers observe 4 week progressions in real time that are sufficiently similar to the
archetypical sequence of the level of civilian casualties and the number of ambush
attempts on patrols, then they can confidently predict that an attack against the base
will occur in the next week.
Just how similar must the observed sequences be to the archetypical sequences
in order to predict that the following week will experience an attack against the
base? To address this, a researcher must first complete <Step 2>, calculating
the mathematical degree of similarity (i.e. distance) between the archetypes and
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Fig. 1 Building co-variates with Euclidean distance

set of training sequence of equal length (i.e. 4). Euclidean distance is one of the
most common and robust measures, though many other distance measures exist.
Figure 1 demonstrates how Euclidean is applied to calculate distances–which serve
as the covariates in <Step 3>–between training sequences and the archetypical
sequences.
The two distances, Di stanceci vi li ancasualty and Di stanceambushat t empt s are
calculated for every observation (i.e. 4 week sequence) in the training set. To
complete <Step 3>, we choose a logistic regression, which is suitable to a
parsimoniously specified model with a binary dependent variable. To train the
logistic model, estimate the ˇ values that maximize the likelihood function below.
L.ˇjy/ D
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ni Š
y
i i .1  i /ni yi
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y
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i
i
i
i D1

(11)

To complete <Step 4> and build actual forecasts based on the archetypedriven sequence analysis approach, we apply the two ˇ estimates that result from
(Eq. 6) to the logistic regression formula in order to calculate f .z/, which reflects
the likelihood that the week following the 4-week period used to generate the
Di stanceci vi li ancasualty and Di stanceambushat t empt s distances from the archetypes
will experience an attack on the base.
z D ˇ0 C ˇ1 Di stanceci vi li ancasualty C ˇ2 Di stanceambushat t empt s
f .z/ D

1
1 C e z

(12)
(13)

To the extent that archetypical sequences that tend to precede an outcome-ofinterest exist, sequence analysis may be an effective tool of prediction that can
provide leverage over other approaches.

4.4.2 Convex Algorithms
In addition to the sequential archetype approach, Martinez et al. [106] put forth two
alternative, sequence-based algorithms (ConvexkN N and ConvexMerge) that have
proven successful at predicting terrorist activities. The key difference between these
algorithms and the previously discussed archetypical approach is that the former do
not assume the presence of an archetype. Thus, rather than calculating the distances
between out-of-sample sequences with unknown outcomes and an archetypical
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sequence, the Convex algorithm calculates the various distance measure between
each out-of-sample sequence and all in-sample sequences. In order to form out-ofsample predictions, the Convex algorithm determines the K-number of the most
similar sequences based on various distance measures. If all of the k-nearest
neighbor sequences have the same dependent variable, then the predicted value
for that out-of-sample sequence is assigned as the dependent variable value of
the single nearest neighbor. When this occurs, the ConvexkN N and ConvexMerge
approaches generate identical predictions. However, when the dependent variable
values of the nearest neighbor sequences are not identical, ConvexkN N rounds to the
nearest integer while ConvexMerge assigns more value to more similar sequences.
In addition to Martinez et al., Sliva et al. [157] apply both variants of the Convex
algorithm to terrorist group behavior.

5 Network Models
We label our final category “network models:” these are approaches that specifically
consider the relationships between entities, either according to their interactions
(SNA models) or location (geospatial models). As with many of the algorithmic
applications, network models have only become feasible in the last decade of
so, as they require very substantial amounts of data and computational capacity.
Consequently the number of applications at present is relatively small, though these
are very active research areas.

5.1 Social Network Analysis Models
Social network analysis (SNA) in a type of graph theory that models systems in
terms of nodes, which are the unit of analysis and can be anything from states in the
international system to members of a terrorist cell, and edges that connect the nodes.
The edges can reflect any type of interactions that occur between the nodes, such as
levels of international trade if states are the nodes or amount of communication
if the nodes reflect members of a terror cell. Though still an emerging method,
SNA is becoming particularly attractive approach for studying terrorism [122]. For
example, [7] use SNA to model the organizational structure of the terrorist groups
responsible for the 2008 Mumbai attacks and [47] develop an edge-based network
to forecast the source and target locations of transnational terrorist attacks. We
speculate three potential explanations for its rapid growth.
First, terrorist scholars are often interested in information regarding withingroup dynamics of terrorist organizations—such as chains of command, lines of
communication, and policy preferences of leadership—which SNA may reveal more
effectively than statistical or algorithmic approaches. Second, the rise of social
networking platforms like Facebook, Twitter, less publicized online forums, and

154

P.A. Schrodt et al.

any other modes of communication open source or otherwise, has greatly increased
the amount of information that can be used to populate a social network. Third, SNA
has been almost simultaneously embraced by the intelligence, policy, and academic
communities—a rare feat for a new methodology. These factors, as well as its ability
to deliver unique insights, is likely to continue driving its growth among quantitative
studies of terrorism.

5.2 Geo-spatial Models
Similar to our discussion of temporal dynamics above (Sects. 3.2 and 3.3), the
incorporation of spatial dynamics into statistical models of terrorism can often
enhance modeling and forecasting capabilities. Political violence frequently clusters
or diffuses in geographic space [35, 164, 166], and failure to account for these
dependencies can bias inferences [5, 164]. Spatial statistics allow one to model
the existence of dependencies or influences across spatial units with a dependency
matrix that measures geographic distances between units, which can then be
used to specify a spatial autoregressive model with spatially lagged dependent
variable or a spatially correlated error structure model [5, 164]. A number of recent
terrorism studies employ such approaches [115, 119]. Scholars have also tailored
these spatial statistics to the study of binary dependent variables—akin to the
binary terrorism events mentioned above—through the use of (e.g.) autologistic
models that incorporate distance-based connectivity matrices [164, 166]. Finally,
spatial forecast methods employing feature reduction techniques have recently been
applied to terrorism events in efforts to incorporate the explanatory power of high
dimensional geographic spaces into probabilistic forecasting models, and show
great promise in this regard [32, 128].

6 Conclusion
In 1954, the psychologist Paul Meehl [111] published a path-breaking analysis of
the relative accuracy of human clinical assessments versus simple statistical models
for a variety of prediction problems, such as future school performance and criminal
recidivism. Despite using substantially less information, the statistical models either
outperformed, or performed as well as, the human assessments in most situations.
Meehl’s work has been replicated and extended to numerous other domains in the
subsequent six decades and the results are always the same: the statistical models
win. Meehl, quoted in Kahneman [94, Chap. 21], reflecting on 30 years of studies,
said, “There is no controversy in the social sciences which shows such a large body
of qualitatively diverse studies coming out in the same direction as this one.”
This has not, of course, removed the human analysts from trying—and most
certainly, claiming—to provide superior performance. These are justified in the face
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of overwhelming empirical evidence that they are inaccurate using a wide variety of
excuses—dare we call them “pathologies”?—that Kahneman [94, Part 3] discusses
in great detail in the section of his book titled, appropriately, “Overconfidence.”
It is not only that simple statistical models are superior to human punditry, but as
Tetlock [161] established, the most confident and a well-known human analysts
actually tend to make the worst predictions. Furthermore, in most fields, the
past performance of analysts—notoriously, the well-compensated stock-pickers of
managed mutual funds—provides essentially no guide to their future performance.
At present, there is very little likelihood that human punditry, particularly the
opinionated self-assurance so valued in the popular media, will be completely
replaced by the unblinking assessments of computer programs, whether on 24-hour
news channels or in brainstorming sessions in windowless conference rooms.
Humans are social animals with exquisite skills at persuasion and manipulation;
computer programs simply are far more likely to provide the correct answer in an
inexpensive, consistent and transparent manner.
Yet with the vast increase in the availability of data, computational power, and
the resulting refinement of methodological techniques, there is some change in the
works. While the covers of investment magazines are adorned with the latest wellcoffed guru who by blind luck has managed to have an unusually good year, in
fact algorithmic trading now accounts for all but a small fraction of the activity on
financial exchanges. Weather forecasts are presented on television by jocular and
attractive individuals with the apparent intelligence of tadpoles, but the forecasts
themselves are the result of numerical models processing massive quantities of data.
In the political realm, sophisticated public opinion polling replaced the intuitive
hunches of experts several decades ago, and polls are so rarely incorrect that it is a
major news event when they fail. Even that last bastion of intuitive manliness, the
assessment of athletes, can be trumped by statistical models, as documented in the
surprisingly popular book and movie Moneyball [100].
Similar progress in the adoption of models forecasting political violence, particularly terrorism, is likely to be much slower. As we have stressed repeatedly, one
of the major challenges of this research is that political violence is a rare event,
and acts of terrorism in otherwise peaceful situations—the “bolt out of the blue” of
Oklahoma City, 9/11/2001, Madrid 2004 and Utøya Island, Norway in 2011—are
among the rarest. Consequently even if the statistical models are more accurate—
and there is every reason to believe that they will be—establishing this will take
far longer than is required in a field where new predictions can be assessed by the
day, or even by the minute. In addition, a long series of psychological studies have
shown that human risk assessment is particularly inaccurate—and hence its validity
overestimated—in low probability, high risk situations, precisely the domain of
counter-terrorism. Getting the technical assessments in the door, to say nothing of
getting them used properly, will not be an easy task, and the initial applications
will almost certainly be in domains where the events of interest are more frequent,
as we are already seeing with the success of the Political Instability Task Force.
But as this chapter has illustrated, the challenges are well understood, a plethora of
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sophisticated techniques await experimentation, and the appropriate data is readily
available, all that is needed is the will and skill to apply these.
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