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Large-scale terrorism datasets are inherently different from other political science
datasets in that they are mostly incomplete owing to the clandestine nature of the
very phenomenon they seek to capture. This problem is compounded by two important factors: event-based terrorism databases generally rely on news reports that
rarely provide full facts about these incidents, and perpetrators of these acts usually prefer not to disclose their identity or supply reliable data on their activities.
The unclaimed terrorist attacks thus pose some challenging inference problems for
researchers interested in using such datasets to test hypotheses related to terrorist
groups. In this paper, I attempt to solve this problem of missing data for the most
comprehensive event-based terrorism dataset Global Terrorism Dataset (GTD) , by
using machine learning algorithms. I first use Multivariate Imputation by Chained
Equations (MICE) to impute missing event characteristics (such as types of attack,
weapon, and target, numbers of killed and wounded, and etc.), and then use these
complete attributes as predictors in a novel Decision-Tree guided Multi-class Support Vector Machine algorithm to attribute unclaimed terror attacks to known terror
groups. I classify all of the events that are listed as having unknown perpetrators,
which accounts for half of the entire dataset, by comparing their properties with
information obtained from events whose perpetrators are known.
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1.

I NTRODUCTION

As one of the deadliest forms of political violence, terrorism has slowly garnered
worldwide attention over the last few decades. Research on terrorism has followed
suit as the theories about the causes, dynamics, and consequences of terror attacks
proliferated in academic scholarship. The increasing attention devoted to understanding this complex phenomenon has, at the same time, resulted in the creation
of a number of large, comprehensive datasets on terrorism. Though the scope, size,
and inclusion rules of these data vary considerably, they all share a common trait
– the problem of missing data. The missingness patterns across these datasets are
equally varied (Dugan, LaFree and Fogg, 2006). Many of them lack information on
important attributes related to terrorism incidents. Yet it is the missing information related to the identity of perpetrators that poses the biggest challenge to the
researchers in the field (Arva and Beieler, 2014; Bauer, Ruby and Pape, 2017; Perl,
2006; Tokdemir and Akcinaroglu, 2016). Without proper identification of unknown
perpetrators, any kind of inference about these political actors and their activities
based on such data will be inaccurate.
The incompleteness of terrorism-related data is due to the clandestine nature
of the very concept these data are trying to capture (Sheehan, 2012). All terrorist
events carry a certain degree of secrecy to be successful both in their planning and
implementation stages. However, there are two important factors related to acts of
terrorism that go beyond their inherent covertness, and further aggravate the problem of missingness: First, event-based terrorism datasets generally tend to rely on
media and news reports that rarely provide full facts about these incidents. Second,
the political actors engaged in these acts usually prefer to disguise their identity and
withhold reliable data on their activities (Kyung, Gill and Casella, 2011; Juergensmeyer, 2017). This latter problem of identity concealment, coupled with inaccurate
or incomplete reporting of incidents, hampers research attempting to answer questions pertaining to terrorist groups, including their structure, strength, strategies,
ideologies, incentives, networks, lethality, and other identity-specific information.
This study uses various existing imputation and classification methods to reveal
the identities of unknown perpetrators of terrorist attacks using the largest opensource, event-based dataset commonly used by scholars of political science – the
Global Terrorism Database (GTD) (LaFree and Dugan, 2007). Using as predictors
a number of attributes associated with the timing, severity, scale, location, targets,
methods, and other details of attacks that provide important contextual information
about any given event, I use a supervised machine learning technique to map the
events with unknown perpetrators to known terrorist groups for which the data exists. The algorithm recovers the identities of perpetrators of more than seventy-eight
thousand events perpetrated in the last half-century from the list of more than two
thousand terrorist groups based on twenty-four distinct attributes of each attack.
Implementing a predictive model using supervised machine learning algorithms
usually requires the existence of complete data in the variable space. A number of
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ways to handle missing data in feature vectors have been proposed for discriminative models (Batista and Monard, 2003; Fortes et al., 2006; Ghahramani and Jordan,
1994; Saar-Tsechansky and Provost, 2007; Smola, Vishwanathan and Hofmann, 2005;
Williams et al., 2007), but the computational difficulty of such solutions increase
with the number of missing values (Tresp, Neuneier and Ahmad, 1995). To address
this concern of incomplete-data classification, I take a two-step approach. First, I
use multivariate imputation by chained equations (MICE) to deal with missing attribute values in the variable space. The partially imputed attributes are then used
as predictors to classify the perpetrators using Multi-class Support Vector Machine
technique (SVM).
To date, attempts at identifying unknown perpetrators of terrorist events have
been limited. A study conducted by RAND cooperation in 1985 proposed a methodology for analyzing terrorist groups that included identifying and ranking possible
perpetrators of unclaimed terrorist attacks. The process involved grouping all past
terrorist events with known perpetrators according to combinations of some known
attributes, determining the proportion of times a particular group was the perpetrator of a particular type of incident, and computing conditional probabilities of each
group being responsible for unclaimed incidents (Jenkins, Cordes and Kellen, 1985).
A study by Arva and Beieler uses machine learning techniques to predict whether
a terrorist attack was perpetrated by a known or unknown group to uncover the
mechanism by which the data are missing. Motivated by a different purpose, however, the authors do not attempt to attribute unknown attacks to known groups.
More recently, Bagozzi and Koren have used an ensemble of supervised machine
learning techniques to classify atrocity perpetrators (Bagozzi and Koren, 2017). This
study is different from their work in three ways: First, in their attempt to retain all
available contextual variables, Bagozzi and Koren convert all variables into a single
Document-Term Matrix (DTM), while including all missing cases in the predictors.
With the same purpose, this study, instead, solves the “missingness in the predictors” problem via multiple imputation first, before applying a single machine learning classification framework to recover perpetrators. Secondly, the Global Terrorism
Dataset is a lot larger than the Political Instability Task Force’s (PITF) Worldwide
Atrocities Dataset used by Bagozzi and Koren, both in terms of the overall number of cases included and the number of categories to be classified. PITF dataset
codes the “perpetrator” variable according to an eight-category perpetrator ontology based on government involvement, whereas I purposefully avoid clustering
terror groups to maintain the rich amount of information in the “perpetrator” variable. Finally, and most importantly, the mapping mechanism is designed in such a
manner that temporal variations are explicitly included in the analysis. When classifying into terrorist group categories, only those organizations that have existed at
the time of the event are used as a classifier. For example, if an event perpetrated
in 1985 has an unknown perpetrator, classifiers of that specific datapoint do not include groups that had seized to exist before 1985. This manual feeding of information into the SVM via restriction of classifier space enables informative integration
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of prior knowledge and ensures that mapping does not occur in an unmeaningful
way.
The remainder of the article proceeds as follows: In Section 2, I provide a review
of how literature has historically dealt with the missing data problem. Sections 3
and 4 provide an overview of multiple imputation techniques including multivariate imputation by chained equations, and multi-class support vector machines. Section 5 describes the data and patterns of missingness. Analysis and results of the
Global Terrorism Dataset are provided in Section 6, followed by concluding remarks
and suggestions for future work in Section 7.
2.

M ISSING D ATA

Missing data complications abound in empirical social science research (Allison,
2001). Despite continuous advancements in methodologies for handling missing
data problems, conflict-related research tends to either employ outdated methods
to account for incomplete data or ignore missingness altogether (Hoeyland and Nygaard, 2011). This hesitancy to adopt novel methods and heavy reliance on traditional techniques is not unique to the field of conflict research (Bodner, 2006; Enders, 2010). However, the problem of missing data is particularly challenging in
conflict studies given the prevalence of media-based event data (Weidmann, 2015).
The amount of information and the level of accuracy hinge on the extent to which
observers can observe what is transpiring and report it to the world (Öberg and Sollenberg, 2011). Most types of political violence take place in already conflict-ridden
areas, where data collection process is hampered both by lack of secure access and
absence of free press. In addition to the inability of outside parties to observe and report events on the ground, damaged infrastructure can also result in the destruction
of records in many ways (Öberg and Höglund, 2011; Weidmann, 2013). Perhaps
the most discussed pitfall of event datasets has been selective reporting (Davenport and Ball, 2002; Hocke, 1998; Moeller, 2002; Mueller, 1997). Dealing with these
shortcomings requires a thorough understanding of the reasons of missingness, the
underlying process that caused it, and its statistically sound handling.
Rubin has conceptualized missing data intro three broad categories based on the
mechanisms that are assumed to be causing the missingness (Rubin, 1976). When
missing completely at random (MCAR), the missing values are unrelated to the observed and missing responses. If the missingness is conditionally independent of
the missing responses, given the observed ones, then the data is said to be missing
at random (MAR). In other words, if the probability of missing data on a certain
variable is independent of the value of the missing variable, after controlling for
other variables in the data, then the MAR assumption holds. Examples of such
missingness mechanism concerning this study could include having missing perpetrators for terror attacks carried out in a certain country or when perpetrators of
only certain attack types are unknown.
Not missing at random (NMAR) is the most restrictive condition among these
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as the missingness depends on both observed and missing data. The missingness
mechanism is therefore characterized by the conditional distribution of the missingdata indicator matrix M, where M = (Mij ) given the complete data Y, where Y =
(yij ). An unknown parameter φ is the missing value generating mechanism, such
that:
M CAR : f (M|Y, φ) = f (M|φ)

for all Y, φ

(1)

M AR : f (M|Y, φ) = f (M|Yobs , φ) for all Ymis , φ
N M AR : f (Y, M|θ, φ) = f (Y|θ)f (M|Y, φ) =

n
Y
i=1

f (yi |θ)

n
Y

f (Mi |yi , φ)

(2)
(3)

i=1

where, F (yi |θ) stands for the density of yi indexed by unknown parameters θ,
and f (Mi |yi , θ) for the density of a Bernoulli distribution for the binary indicator Mi
(Little and Rubin, 2014).
For the purposes of this study, I will assume that the data from GTD are missing
at random. In the case where the distribution of missingness is unknown to the
researcher, MAR is assumed, since there is no plausible way to test whether the
assumption holds, except a few alternative methods used in survey studies (Glynn,
Laird and Rubin, 1993; Graham and Donaldson, 1993). The assumption of MAR is
also justifiable given that the purpose of the paper is not inference, but an accurate
prediction, and any impact on estimation from violation of this assumption would
not be observed here.
Four general strategies of dealing with missing data have been proposed in the
literature: deletion, weighting, maximum likelihood, and imputation (Allison, 2000;
Durrant, 2009; Honaker and King, 2010; Ibrahim et al., 2005; Little and Rubin, 1987b,
1989; Little, 1988; Reiter and Raghunathan, 2007; Rubin, 2004; Zhang, 2003). The
simplest approach to the analysis of missing data is to include only complete cases
by discarding all incompletely recorded units. The listwise deletion approach leads
to a loss of efficiency at best – when the MCAR assumption is correct –, and to
severe biases at worst. Even when the data may be MAR, listwise deletion can
potentially induce bias if the removed sample is not representative of the full sample
(Hoeyland and Nygaard, 2011). Although highly problematic (and wasteful), the
majority of the quantitative analyses to date have used this method when dealing
with missing data (King et al., 2001). In fact, a recent study, reanalyzing the results
of every quantitative work published within a five-year period in two leading IR
journals, found that key results disappeared in almost half of the studies following
substitution of listwise deletion with more robust methods (Lall, 2016).
A closely related approach is available-case analysis (pairwise deletion). The
method simply calculates the means, variances, and covariances on all observed
data. Similar to listwise deletion, the estimates following a pairwise deletion would
be unbiased only if the data were MCAR. Schafer and Graham argue that the underlying principle of available-case analysis, while sensible, is poorly operationalized
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(Schafer and Graham, 2002). Generally speaking, deletion methods are considered
to be among the worst methods for practical applications (Wothke, 2000), unless
the analyst can fully control for the determinants of missingness (Arel-Bundock and
Pelc, 2018).
Weighting procedures are commonly applied when dealing with unit nonresponse in surveys and involve assigning weights proportional to the inverse of the
selection probabilities of sampled units. Akin to complete case analysis, weighting
methods ignore the incomplete cases but instead assigns weights to each complete
case. The major weakness of weighting method derives from its restrictive application – it is only applicable to monotone patterns of missing data (Little and Rubin,
1989). Unmeasured or omitted variables might also introduce bias. Additional limitations include method’s inefficiency vis-à-vis extreme weights and the need for
many sets of weights (Pampaka, Hutcheson and Williams, 2016).
The third set of techniques used to treat missing data is parametric procedures,
in which case a model is specified for the observed data, and likelihood under the
model is computed to make inferences. One such popular procedure is the maximum likelihood estimation. This approach is preferred over the ad hoc techniques
for the consistency and efficiency of estimates under correct model specification and
because of the fact that standard errors account for incomplete data. The ML estimates yield biased results when the MAR assumption is violated, and problems
arise when the model is mis-specified.
The imputation technique works by replacing a missing value by a value drawn
from an estimate of the distribution of the same variable. Single imputation methods such as mean imputation, regression imputation, and stochastic regression imputation result in small estimated standard errors and biased correlations and fail to
account for uncertainty in the predictive model. The exhaustive list of the problems
associated with single imputation has been provided by Little and Rubin (Little and
Rubin, 1987a). Multiple imputation circumvents all of these problems by properly
representing all information in a dataset.
3.

M ULTIVARIATE I MPUTATION BY C HAINED E QUATIONS

The state of the art approach that has received widespread attention in the literature
is multiple imputation. First introduced by Rubin (Rubin, 1987, 1996), multiple imputation was initially used to handle nonresponse in large-sample surveys (Reiter
and Raghunathan, 2007). In the years that followed, development of new methods for Bayesian simulation has made it possible for researchers to apply it more
broadly. In its simplest form, multiple imputation entails replacement of each missing value with m ≥ 2 simulated values. The values are estimated from a distribution
explicitly modeled for each missing value and are drawn from the conditional distribution of the target variable given all the other variables. The results of analysis
of multiply-imputed datasets are used to obtain overall estimates and standard er-
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rors (Schafer and Graham, 2002).1 When the observed data does not contain much
information about the missing values, imputations result in higher standard errors,
whereas highly predictive observed data lead to smaller standard errors (Greenland
and Finkle, 1995). The pooled variance contains both the within-imputation and the
between-imputation variance.2 Multiple imputation solves the problem of inaccurate estimates of uncertainty that is typical for single imputation.
The computational complexity of drawing a set of multiple parameters from posterior densities increase rapidly with the number of predictors included in the imputation process.3 Two well-known algorithms are usually used to avoid such difficulties and enable efficient draws. The Imputation-Posterior algorithm (IP), proposed
by Tanner and Wong, is a Markov-chain, Monte Carlo method that enables to draw
random simulations from the multivariate normal observed data posterior, but it
requires computational power and time (Tanner and Wong, 1987). The algorithm
bears a close resemblance to the Gibbs sampling bar the P-step, where the parameter vector is sampled from its conditional posterior distribution given the latent
variables (Skrondal and Rabe-Hesketh, 2004).
The Expectation-Maximization (EM) algorithm, developed a decade earlier, is
still considered a more convenient alternative because of its speed, deterministic
convergence, and accuracy (Dempster, Laird and Rubin, 1977), but might produce
biased estimates.4 Two additional optimization algorithms - EM with sampling and
EM with importance sampling - have been proposed as potential alternatives (King
et al., 2001). A recent addition to these algorithms has been Honaker and King’s
bootstrapping algorithm (EMB) for a general-purpose multiple imputation process
that can handle datasets with hundreds of variables (Honaker and King, 2010).
A number of multivariate imputation methods have been developed to handle
missing data. Various Joint Modeling (JM) methods were suggested by Rubin and
Schafer (Rubin and Schafer, 1990). By specifying a parametric multivariate density
given the model parameters, JM is used to generate imputations as draws from the
posterior predictive distribution (Van Buuren et al., 2006) by MCMC techniques. It
has been used to generate multivariate imputations under the multivariate normal,
the log-linear and the general location model (Schafer, 1997).
Alternatively, semi-parametric Fully Conditional Specification (FCS)5 approach
PD
1
The joint estimate of a parameter of interest θ is θ̄ = D
d=1 θ̂d (Little and Rubin, 2014).
2
Assuming Ū is the within-imputation variance and B the between-imputation variance, the
variance estimate associated with the point estimate for a parameter is the total variance
1
T = Ū + (1 + m
)B.
3
Random draws of µ and Σ with the number of p variables yield p(p + 3)/2 elements (Honaker
and King, 2010).
4
See (King et al., 2001).
5
FCS approach has been utilized under different names, such as stochastic relaxation
(Kennickell, 1991), variable-by-variable imputation (Brand, 1999), regression switching
(Van Buuren, Boshuizen and Knook, 1999), sequential regressions (Raghunathan et al., 2001),
ordered pseudo-Gibbs sampler (Heckerman et al., 2000), partially incompatible MCMC (Rubin,
2003), iterated univariate imputation (Gelman, 2004), and chained equations (Buuren and
1

6

specifies conditional distributions for each variable subject to missingness, conditional on other variables included in the imputation model: a is imputed from
f (a|b, c), b is imputed from f (b|a, c), and c is imputed from f (c|a, b) (Murray and
Reiter, 2016). The appeal of FCS derives from the flexibility of model choice for
separate variables. Although multivariate normal is the conventional model used
for missing data problems and has been found to work equally well for categorical
and mixed data as for continuous data (Ezzati-Rice et al., 1995; Rubin and Schenker,
1986; Schafer and Olsen, 1998), using more specialized imputation models for separate variables based on their scale is a clear advantage. A related, but distinct approach involves specifying a joint distribution as a sequence of conditional models
(Ibrahim et al., 2005; Lipsitz and Ibrahim, 1996).
While there are various software packages for implementing multiple imputations by the FCS, I use Multivariate Imputation by Chained Equations (MICE)
package of Stef van Buuren as it allows for predictor and model selection, postprocessing of imputed values, and passive imputation (Buuren and Groothuis-Oudshoorn,
2010). The non-problematic applicability of MICE to datasets with hundreds of variables has been demonstrated in various studies (He et al., 2010; Stuart et al., 2009).
The chained equations, as used in MICE, obtain a posterior distribution of a vector
of unknown parameters by sampling iteratively from respective conditional distributions. The ith iteration of chained equations is a Gibbs sampler that continuously
draws
∗(i)

θ1
∗(i)

Y1

(i−1)

∼ P (θ1 |Y1obs , Y2

(i−1)

∼ P (Y1 |Y1obs , Y2

, ..., Yp(i−1) )
∗(i)

, ..., Yp(i−1) , θ1 )

..
.
(i)

(i)

θp∗(i) ∼ P (θp |Ypobs , Y1 , ..., Yp−1 )
Yp∗(i) ∼ P (Yp |Ypobs , Y1i , ..., Ypi , θp∗(i) )
(i)

∗(i)

where Yj = (Yjobs , Yj ) is the jth imputed variable at iteration i (Buuren and
Groothuis-Oudshoorn, 2010). Incompatibility of specifying joint distributions of
various models that have no known joint distributions in theory is a common concern for chained equations, but this problem has been found to have little impact on
the quality of imputations (Drechsler and Rässler, 2008; Van Buuren et al., 2006).
MICE process works in the following sequence: As a first step, a simple imputation is performed for each missing value. The original mean imputation is then
set back to missing for the first variable. The observed values for this variable are
regressed on the other variables included in the imputation model. The missing
values of this first variable are then replaced with imputations derived from the
Oudshoorn, 2000).

7

regression model. Both observed and imputed values for this first variable are subsequently used in the regression model when imputing missing values for other
variables. This procedure repeats for each variable with missing values. At the end
of a single cycle, all missing data are replaced with imputations from regressions
that reflect the relationships between the data. Depending on the number of imputations set by a researcher, cycles are then repeated with continuous updating at
each cycle. The final imputations at the end of each cycle result in one completely
imputed dataset. Although the number of iterations is arbitrary, the purpose of multiple iterations is to ensure the distribution of the parameters ultimately converge.
4.

M ULTI - CLASS C LASSIFICATION

Applications of supervised machine learning techniques to address a range of problems in social sciences have multiplied in recent years (Beck, King and Zeng, 2000;
Burscher, Vliegenthart and De Vreese, 2015; Cantú and Saiegh, 2011; De Marchi,
Gelpi and Grynaviski, 2004; Douglass and Harkness, 2018; Hill and Jones, 2014;
Montgomery et al., 2015; Muchlinski et al., 2016; Mueller and Rauh, 2018; Nardulli, Althaus and Hayes, 2015). Among these, Support Vector Machines (SVMs)
(Boser, Guyon and Vapnik, 1992; Cortes and Vapnik, 1995) have become popular
for a number of reasons: they deal better with multi-dimensions and continuous
features; they also perform well when multicollinearity is present and a nonlinear
relationship exists between the input and output features (Kotsiantis, Zaharakis and
Pintelas, 2007). Support Vector Machines additional advantages over other classification techniques have already been widely acknowledged (Cristiani and Taylor,
2000; Guyon, 1999; Pal, 2008).
Researchers working with supervised learning recognized the utility of applying
these techniques to conduct text analysis (Grimmer and Stewart, 2013; Hopkins and
King, 2010; Quinn et al., 2010; Lauderdale and Clark, 2014; Wilkerson, Smith and
Stramp, 2015) or estimate heterogeneous treatment effects (Green and Kern, 2012;
Grimmer, Messing and Westwood, 2017; Imai and Strauss, 2010; Imai and Ratkovic,
2013). Preference in classifying datasets that contain missing-data perturbation has
generally been given to decision trees or random forests as they do not require imputing missing data (Poulos and Valle, 2016). Yet, SVM classification could prove
equally useful to address missing data problems.
Traditionally, the focus of the SVMs has been on binary classification. Research
on its effective extension to multiclass classification is still in progress (Abe, 2015;
Bredensteiner and Bennett, 1999; Crammer and Singer, 2002; Mayoraz and Alpaydin, 1999; Nasiri, Charkari and Jalili, 2015; Vapnik, 1998; Weston and Watkins, 1999)
and suggested techniques rely on various notions of margin and margin-based loss.
Two current approaches to multiclass SVM include a) combination of numerous binary classifiers and b) consideration of all available data in a single optimization
formulation (Crammer and Singer, 2001; Hsu and Lin, 2002; Lee, Lin and Wahba,
2004; Schölkopf and Smola, 2002; Weston and Watkins, 1999). Both methods require
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larger computational power compared to a binary problem of equal data size.
Some well-known binary classification learning algorithms have been extended
to deal with multi-class classification (Breiman, 2017; Rumelhart, Hinton and Williams,
1986). The most prominent of the binary-class based multi-category classifiers are
the one-versus-one (OVO) and the one-versus-all (OVA) techniques (Dogan, Glasmachers and Igel, 2016). The latter relies on different binary decision functions that
separate one class – “positive” (y = +1) – from all the rest – “negative” (y = −1)
(Vapnik, 1998) with application of a voting scheme. The former, on the other hand,
classifiers
performs pair-wise comparisons between all classes with a total of n(n−1)
2
(Hastie and Tibshirani, 1998; Knerr, Personnaz and Dreyfus, 1990; Kressel, 1998).
Consequently, OVO usually ends up producing many more classifiers than the OVA
technique.
Finally, a state-of-the-art technique developed based on the Decision Directed
Acyclic Graph (DDAG) tree-formed structure is a method named Directed Acyclic
Graph SVM (DAGSVM) (Platt, Cristianini and Shawe-Taylor, 2000). Similar to OVO,
it builds k2 binary classifiers and uses an evaluation path to eliminate classes oneby-one until only one class remains. An alternative approach is Error-Correcting
Output Coding (ECOC), which works by converting N-class classification problem into a large number of two-class classification problems with the use of errorcorrecting codes (see (Allwein, Schapire and Singer, 2000; Bose and Ray-Chaudhuri,
1960; Dietterich and Bakiri, 1994; Peterson et al., 1972)).
As for the design of binary classification, SVM separates the two classes (k = 2)
with a maximized margin criterion. Given m observed features x = [x1 , x2 , ..., xm ]T ∈
Rm and a training set D = {(x(i) , y (i) : x(i) ∈ Rm , y (i) ∈ {0, 1}}ni=1 with n class examples, the goal is to identify a subset of the feature space that is most informative
about the class distinction and design a classifier that most accurately predicts the
class of a new example. Similarly, multi-class or multi-category classification problem involves assigning classes (k > 2) to instances where the classes are selected
from a finite set of classes.
Despite considerable advances in research concerning restriction, selection, or alteration of feature space (Bradley and Mangasarian, 1998; Cao et al., 2007; Damoulas
and Girolami, 2009; Guyon and Elisseeff, 2003; Heiler, Cremers and Schnörr, 2001;
Hermes and Buhmann, 2000; Jiang and Zhai, 2007; Kohavi and John, 1997; Mierswa
and Morik, 2005; Neumann, Schnörr and Steidl, 2005; Pal and Foody, 2010; Sebastiani, 2002; Yan, Wang and Xie, 2008; Zareapoor et al., 2017) and modification of
input space (Lin and Wang, 2002), dynamic changes to the number of classes remain yet to be implemented. In some applications, input points might need to be
assigned to different subsets of classifiers. Some classes might be less meaningful
than others, in which case it would be better for the machine to drop such classes.
Currently, SVM lacks the kind of flexibility needed to make separate choices of classifiers for individual inputs.6
6

The concept of “unclassifiable regions” has been developed recently for multi-label
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5.

T HE G LOBAL T ERRORISM D ATASET

Datasets covering terrorist incidents have multiplied over the last decades due in
part to the increasing frequency and intensity of attacks worldwide and the efficiency of newsgathering practices (Schmidt and Jongman, 1988). Majority of these
datasets are event-based as scholars have only recently started constructing groupbased datasets (Asal, Rethemeyer and Anderson, 2009; Carter, 2012; Fortna, Lotito
and Rubin, 2014; Horowitz and Potter, 2014; Jones and Libicki, 2008; Nemeth, 2014;
Price, 2012; Tokdemir and Akcinaroglu, 2016; Young and Dugan, 2014). The largest
and most comprehensive event-based dataset among these is the Global Terrorism
Dataset that covers terror incidents since 1970.
Other event-based datasets of similar nature lack the magnitude and scale of
the GTD. Some are geographically limited. Terrorism in Western Europe: Events
Data (TWEED), for example, focuses on the Western European region only (Engene,
2007). Problems of limited temporal coverage plague others. The RAND database
of Worldwide Terrorism Incidents (WTI) coverage of domestic acts of terror starts in
the 1980s (RAND Database of Worldwide Terrorism Incidents, 2018), while the Worldwide Incidents Tracking System (WITS) lists terror attacks perpetrated only after
2004 (Wigle, 2010). Finally, one of the largest scale datasets – the International Terrorism: Attributes of Terrorist Events dataset (ITERATE) – focuses only on transnational acts of terrorism (Mickolus et al., 2011). GTD, on the other hand, includes all
types of worldwide terrorist incidents7 with the largest temporal coverage.
GTD contains more than 120 variables describing the location, date, method of
attack, victim and perpetrator characteristics, the number of casualties, and other
event details on more than 170,300 cases of terrorism. Building such an all-inclusive
dataset comes at a cost. Datasets that focus on a particular subset of terrorist acts
may circumvent difficulties usually associated with gathering large-scale data. Because it casts a wider net in its inclusion criteria and maintains more attributes than
any other dataset on terrorism, it is almost inevitable that most GTD variables contain a large number of missing values. In fact, in its very row format, there is not
a single observation that can be considered a complete case in the sense that every
associated variable is listed.8 However, each event includes information on at least
forty-five different variables. Most notably, of those incidents listed in the GTD,
more than 78,300 of all incidents were recorded as having unknown perpetrators,
making roughly half of the data missing.
For the purposes of this study, I include only twenty-four of the original GTD
variables in my analysis. The common strategy in multiple imputation is to include
classification based on fuzzy logic (Abe, 2015), but its adaptation to SVMs is different from the
approach described here.
7
Twice as many categories of incidents compared to other datasets (Anderton and Carter, 2011)
8
Other more serious missingness problems are related to both under-reporting of incidents and
to accidental loss of a subset of data. The latter resulted in complete removal of incidents of
terrorism from 1993 from the main dataset (START, 2016).
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all relevant variables including their interactions (Collins, Schafer and Kam, 2001).
The decision to reduce the predictor space into roughly one-fifth of its original size
has multiple reasons: 1) the imputation method used in the study works better when
only those variables that may be predictive of the missing values are included in the
imputation process (Azur et al., 2011), 2) the included variables should satisfy the
MAR assumption, 3) only those variables that exhibit less than 15 percent missingness in their vector space are included to avoid computational complexity. The
complete list of included variables is in Table 1.
Table 1: List of Variables Included in the Imputation Process
Variable
Year of the event
Month of the event
Day of the event
Extended
Country
Region
Criteria 1
Criteria 2
Criteria 3
Multiple
Success
Suicide
Individual
Attack type
Target type
Weapon type
Doubt terror
Target subtype
Nationality
Number of killed
Number of wounded
Property
Hostage/Kidnappings
Foreign target

Level of Measurement
Numeric
Numeric
Numeric
Binary
Multi-level factor
Multi-level factor
Binary
Binary
Binary
Binary
Binary
Binary
Binary
Multi-level factor
Multi-level factor
Multi-level factor
Binary
Multi-level factor
Multi-level factor
Numeric
Numeric
Binary
Binary
Binary

Missing values
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
13,786
9345
1394
9682
15,325
19,579
447
487

Model

Logistic regression
Random forest
Random forest
Predictive mean matching
Predictive mean matching
Logistic regression
Logistic regression
Logistic regression

Of the 24 variables included in the imputation process, eight contain missing
data ranging from 0.3 percent to 11 percent missingness. The property variable that
identifies whether a property damage resulted from the incident has the largest
amount of missingness containing 19,579 omitted values. The number of wounded
nwound is a count variable with 15,325 missing values. Next is doubtterr with 13,786
missing values, which is an indicator variable that distinguishes events for which
there is doubt as to whether the act constituted terrorism. The number of killed nkill
has 9,682 omitted values. Targsubtype1, which captures the more specific target category and provides the next level of designation for each target type, has 9,345 blank
cells. INTMISC and Ishostkid, which stand for whether the victim was a foreigner
and whether victims were held hostage or kidnapped, list 487 and 447 missing val11

ues, respectively. The descriptive graphs of the missingness patterns are provided
in Figures 1 and 2.

Figure 1: Missingness in Predictor Variables

The main variable of interest Group Name has 78,305 missing values and, while
excluded from the multiple imputation, is used later at the classification stage. The
number of groups already included in the dataset is 3,453. 1,693 of these have perpetrated only one terror act throughout their entire existence, while 2,554 have committed less than five acts (roughly 74%). The terror group with the highest number
of incidents is Taliban with 6,575 acts listed under its name since the 1990s.
The remaining variables in the predictor space that have complete data indicate
the exact date (year, month, and day, separately) of the event, whether the act lasted
for more than 24 hours, the region and country where the event was perpetrated,
three different binary criteria for inclusion, whether the attack was part of a multiple incident, whether the attack was successful, whether it was a suicide attack, and
whether the perpetrator was not affiliated with a known group. In addition, three
different variables describe the method of attack along with target and attack types.
These are multiple category variables: for example, attack type includes assassinations, explosions, armed assaults, hijackings, and etc; weapon types list explosives, melee, firearms, biological, vehicular, and other attacks; target type includes
twenty-two categories, such as business, government, police, aircrafts, media, and
so on. Within their categories, these last three variables contain a separate category
labeled “unknown”. These were not treated as missingness in the analysis as I be12

Figure 2: Missingness in Predictor Variables

lieve they carry predictive importance as a separate category. This category does
not necessarily mean that the data is not available, but that a decision on a specific
category could not be made given the available information.
6.

A NALYSIS AND F INDINGS
6.1.

Imputation

Experimental studies have demonstrated that prior imputation on average improves
classification accuracy for supervised learning techniques when compared to classification without imputation. This is especially true for polytomous regression imputation with subsequent SVM classification (Farhangfar, Kurgan and Dy, 2008).
Guided by the same principle and with the goal of avoiding high classification errors, I first impute the missing variables in the GTD dataset that I plan to use as predictors for subsequent classification with SVM. As mentioned earlier, the analyzed
version of the data consists of 16 complete covariates and 8 incomplete variables.
The incomplete data in GTD were multiply imputed M = 30 via chained equations
and with five Gibbs sampling iterations using the R package mice.9
9

Only five of these imputed datasets are later used to predict groups via SVM. Approximately
20 iterations are considered as a standard for modest missing data problems (Schafer and Graham,
2002).
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I use the models described in Table 1, after properly scaling the variables. The default procedure uses predictive mean matching for continuous variables and logistic
regressions to impute discrete variables (Murray and Reiter, 2016). For unordered
categorical data, mice provides polytomous logistic regression10 as a built-in imputation model. However, the package is unable to handle variables that possess more
than 50 categories, making polytomous logistic regression a non-viable model for
the existing GTD multi-category variables.11 The two multinomial predictor variables – Target subtype and Nationality – are thus imputed using random forest. The
random forest method in mice implements Breiman’s random forest algorithm based
on the original Fortran code (Doove, Van Buuren and Dusseldorp, 2014).12 Doubt terror, Property, Hostages/Kidnappings, Foreign target binary variables are imputed by the
Bayesian logistic regression model.
Figure 3 demonstrates the convergence of the imputed variables from the first
five imputations. For a healthy convergence, the streams should mix and the estimates should not lock in a steady trend (Gelman and Rubin, 1992). In the examples
presented below (see Tables 2 and 3), the summary statistics show the distributions
among the observed and imputed responses separately for the binary variable property and count variable nkill from their first imputations. The distributions for the
imputed and combined values seem to be well-balanced.
Table 2: Comparison of observed and imputed values for property
Code
0
1
Total

Observed
Total Percent
60752
40.3%
90019
59.7%
150751 100.0%

Imputed
Total Percent
8762 44.7%
10817 55.2%
19579 100.0%

Combined
Total Percent
69514 40.8%
100836 59.2%
170350 100.0%

Table 3: Comparison of observed and imputed values for nkill
Number
Minimum
Maximum
Mean
Standard deviation

Observed
160668
0
1500
2.387
11.328

10

Imputed
9682
0
1500
2.443
11.22

Combined
170350
0
1500
2.442
11.217

The model uses the multinom function in nnet (Venables and Ripley, 2002).
Finding V̂ (β̂) requires calculation of the Hessian matrix.
12
The choice of a random forest model is not coincidental. Convergence plots of multiple
different iterations demonstrate that it performs the best among available options.
11
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Figure 3: Diagnostic Convergence Plot for Inputed Variables

6.2.

Classification

The perpetrator (“gname”) variable is then appended to the first five fully imputed
datasets to prepare the data for classification. I use the e1071 package in R (Meyer
and Wien, 2001), which offers an interface to the C++ implementation of libsvm
(Chang and Lin, 2001).
The classification task starts with the proper partitioning of the data into training and validation sets. I pre-process the data before starting to partition. There is
a significant imbalance in the distribution of classes in the response variable as evidenced by Figure 4. Frequencies drawn from 50 random samples differed from that
of the originals (see Figure 5). Given this imbalance in the class distribution, I took
a number of steps to balance out the classes. First, I took out those groups that have
only carried out no more than two attacks throughout their entire existence. This
step reduced the number of existing classes from 3454 classes to 1297 classes.13 This
decision is both theoretically and methodologically justifiable. “Terrorist organization” is rather an inaccurate description for a group that is capable of perpetrating
only a single attack. The term merits a certain degree of capacity, which even under the most restrictive conditions should yield power strong enough to conduct
more than two attacks of any scale. Furthermore, if the so-called “organization” has
13

Taking out groups that have perpetrated only one attack would have left the data with 1760
classes. For computational efficiency, I decided to drop those with two attacks as well.
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such a limited capacity that it can only mount one or two attacks throughout its
entire existence, then the probability that some unattributed attack belongs to that
organization is quite low compared to those with more attacks.14

Figure 4: Original Distribution
In the next step, I merge multiple groups that, although distinct organizations
in GTD, were parts of the same organizational structure in practice. For instance, I
merge “Basque guerrillas”, “Basque Militants”, “Basque terrorists”, and “Basque
Separatists” as a single organization. Some events in GTD were coded as having distinct perpetrators, although they were essentially the same group. Those
were also merged under a single name. In the same vein, I drop those groups that
are too generic to be considered a separate group and provide no additional information as new classes. Examples include classes labeled “Youths”, “Students”,
“Villagers”, “Workers/Employers”, “Unemployed Persons”, “Muslims”, “Rebels”,
“Protesters”, “Insurgents”, “Guerrillas”, “Farmers”, “Extremists”, “Activists”, “Gang”,
“Secessionists”, “Strikers”, “Political Activists”, “Gunmen”, and etc. This latter decision is also motivated by the fact that these are not specifically organized groups
but rather labels given to various disconnected individuals operating in different
countries by the GTD coders when identification is problematic. These changes result in a dataset of 87, 973 events and 1, 244 terrorist groups, which is significantly
less than the original number of classes.
Finally, to reduce the imbalanced character of the dataset, I create stratified random samples of the data for splitting. Previous research attests to the usefulness of
stratified sampling in improving the final decision border in SVMs (Akbani, Kwek
and Japkowicz, 2004; Crone, Lessmann and Stahlbock, 2004). Distributions taken
from the initial stratified random samples resemble that of the original sample (see
Figure 6).
14

More than 85% of organizations with only two attacks in the dataset have executed their
attacks either on the same date or within the same short time period. As a robustness check, I
cross-compared a random sample of events with unknown perpetrators against these organizations
to identify overlapping time periods (in terms of specific dates). There was less than 2% overlap.
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(a) First sample

(b) Second sample

(c) Third sample

(d) Fourth sample

Figure 5: Illustration of distributions from the first four random samples
As discussed in the previous sections, existing SVM classification techniques lack
the flexibility needed to alter the classes at every step of the classification process. To
put it differently, the number of classes is considered invariant at each classification
attempt, unless a researcher trains a separate classifier for each target observation.
Beyond being tedious, such approach could prove impossible if the number of data
points in the target dataset exceeds a certain threshold. A crucial step in accurate
and efficient classification is to not only map the data back onto all existing classes,
but to those that make sense in the real world. Assigning a theoretically or logically
unreasonable class to data reduces the accuracy and defeats the purpose of using
the SVM as a high-performance technique for prediction.
Consider the GTD dataset, for example. Following the processing stage, we are
left with 1,244 terrorist groups which correspond to the equal number of classes in
SVMs. There are certain characteristics in the feature space that absolutely rule out
the possibility of a particular datapoint belonging to a certain number of classes.
One such variable is the iyear, which denotes the year in which a certain attack
took place. Given the nature of the dataset, we also know in which time period the
terrorist organizations that are listed in the dataset have existed. Therefore, when
predicting the perpetrator of an ith terrorist event, carried out in year t, one should be
able to confidently rule out the probability that an organization that ceased to exist at
t-1 could have committed the attack. Attaching positive probability to those groups
(classes) during classification would yield problematic results. Instead, suppose the
17

(a) First sample

(b) Second sample

(c) Third sample

(d) Fourth sample

Figure 6: Illustration of distributions from the first four stratified samples
option to drop the number of irrelevant classes is incorporated into the algorithm,
such that at every stage of the mapping process, SVM chooses from different lists of
classes to assign to each datapoint. In addition to limiting noise classes, the presence
of which would make classification worse, this option would also grant a researcher
an opportunity to integrate his prior knowledge of the concept under study into the
classification task.
Interestingly, scholars studying machine learning algorithms have argued for
feature selection decisions to be based on theory – that researchers “should match
their preprocessing choices to their knowledge of the substantive matter at hand”
(Denny and Spirling, 2018). Surprisingly, no such argumentation has been put forward in favor of applying priors to class list selection. The novelty of this approach
is in allowing the feature space to constrain the classifier space in a manner that
is distinct from the usual SVM mapping. Furthermore, it significantly reduces the
computational complexity of multi-class classification for datasets with more than
103 classes.
In an effort to design such procedure, I propose to combine binary decisiontrees with a multi-class SVM classifier. Combinations of these two machine learning
methods is not a novel idea in and of itself. The idea was proposed and formalized to
tackle multiple challenges in classification, including handling non-separable data
(Madzarov, Gjorgjevikj and Chorbev, 2009), solving feature selection problems (Sug18

umaran, Muralidharan and Ramachandran, 2007), rectifying unclassifiable regions
(Takahashi and Abe, 2002), and conducting automatic grouping and decomposition of classes (Cheong, Oh and Lee, 2004; Mulay, Devale and Garje, 2010; Polat and
Güneş, 2009; Uribe et al., 2013). These decision-tree supported SVMs take advantage
of the efficient computation of decision trees and the high classification accuracy of
SVMs.
What is inherently different in my approach is that, in contrast to the abovementioned studies that attempt to use the binary tree architecture as a decision
method to achieve efficient classification given a fixed K number of classes, I utilize it to train data on a dynamically changing number of classes conditional on a
certain available feature. That is, once a dataset passes through the decision tree
structure proposed by the authors above, at the final node of the tree, every datapoint across all samples should have been checked against all the universe of K
classes existing in the initial data for testing purposes. By contrast, if passed through
the decision-tree structure I propose, each datapoint from the same dataset would
be mapped against a unique list of classes, pre-designed for it with the knowledge
derived from the dataset itself. Another important distinguishing factor is the deterministic nature with which decisions are handled in the decision-tree I propose.
The existing decision-tree based SVMs usually tend to employ probabilistic outputs
(or weights) for decision-making.
One similarity between these approaches and the current study is the training
of an SVM at each node of the tree. This automatically translates into a N − 1 SVM
trainings for an N class problem for existing approaches, which is computationally
intensive when N is large. This, however, is not the case for the method proposed
here. Because the level of aggregation is usually much higher for the base attribute
in the feature space, the number of SVMs to be trained (at each node) could potentially be much lower. Let us consider a naive example: suppose we are interested
in classifying cars by their model. Let us also consider that the researcher has prior
information about a feature that could potentially shrink the classifier space, such
as company logo. In this case, we should be able to restrict the number of possible
classes to be assigned to each datapoint to include only models of a single automobile company based on its logo. Models of all other companies would just be
deemed irrelevant.
Given that the number of logos that could potentially exist within such a dataset
would almost always be less than the number of models (classes), the binary decision tree approach proposed here would ultimately require less classifier training than those utilized in other studies. All other existing SVM methods, be they
decision-tree based or not, would require consideration and exhaustion of all possible classes (and/or combinations) for every single datapoint. Clearly, an argument
against the computational efficiency of the proposed approach could be made as
well. When the number of distinct items within the attribute variable increases, so
do the number of classifiers to be trained. Even in this case, a researcher would have
the option to further aggregate the items based on his own preferences.
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In order to evaluate the effectiveness of the proposed approach, I apply the binary decision-tree guided SVM classification to the pre-processed GTD dataset. The
main attribute variable based on which the lists of classes are decided is the iyear
variable mentioned previously, ranging between 1970-2016. For the sake of parsimony, I aggregate the decision boundaries to cover decades, rather than a single
year. The classification of each sample initiates at the root of the decision tree. Then,
at each following node, a decision is made about the belonging of the input point
into a specific time period. Once transferred to the right terminal node, it is classified by a classifier, which has been trained based on a truncated dataset that only
includes the number of relevant classes – in this case, those groups that were operating within the same decade. Each of the decade-splintered datasets contain multiple
classes.15 The process is repeated iteratively downward the tree structure until the
sample reaches all the way to the very bottom node to which it has been assigned
(see Figure 7). The use of validation dataset is essential for avoiding problems that
might arise when analyzing the target dataset. For every classifier, the sample is
divided into 80% training data and 20% validation data.
I first classify the known terror attack perpetrators separately by training each
on their respective training sample with OVO approach. The sample process starts
with a C classification task, using the Radial Basis Function (RBF) kernel with hyperparameters C and γ.16 The optimal parameters were later adjusted with tuning (utilizing grid search) via ten-fold cross-validation. Based on these results, the final
model was re-trained with the new parameters and the known perpetrator classes
were predicted in the validation sample. Training performance was measured with
accuracy, defined as the percentage of classes the model correctly classifies. The
classification statistics for a standard version of SVM with full classes versus four
separately-constructed classifiers with varying classes (1970-1980, 1980-1990, 19902000, 2000-2010) are presented in Table 4.17
7.

C ONCLUSIONS

Unknown identities of perpetrators of most terrorist attacks pose a considerable
challenge to the scholars studying political violence and to law-enforcement officials engaged in counter-terrorism operations. The conventional approach used by
researchers when dealing with such high levels of missingness in perpetrator iden15

1970-1980: 6566 attacks by 306 terrorist groups; 1980-1990: 20858 attacks by 440 groups;
1990-2000: 15275 attacks by 470 groups; 2000-2010: 10408 attacks by 405 groups; and 2010-2016:
38466 attacks by 481 groups.
−
−
||→
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Radial basis function kernel is defined as e(− 2σ2 ) where the γ parameter is γ = 2σ1 2 .
17
There was a significant changepoint in terrorist activity post-2012 with increased attacks from
groups such as the Taliban, Al-Shabaab, Al-Qaida, and Boko Haram (Blackwell, 2018) and
penetration of new terrorist groups into the system. This explains the dominance of the number of
groups and attacks in 2010-2016 period over other decades. Because of the overwhelming number
of classes and events, this period was temporarily left out of the analysis.
16
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Test Data

≥ 1980

< 1980

1970 − 1980 classifier

Data 2
≥ 1990

< 1990

1980 − 1990 classifier

Data 3
≥ 2000

< 2000

1990 − 2000 classifier

Data 4
≥ 2010

< 2010

2000 − 2010 classifier

2010 − 2016 classifier

Figure 7: Decision tree for temporal classifiers

Table 4: Accuracy and Time Performance
Full-class
1970-1980
1980-1990
1990-2000
2000-2010

Training
0.55
0.81
0.76
0.70
0.81

Validation
0.47
0.75
0.68
0.62
0.73
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Training Time
43.5 hours
3.5 hours
5.5 hours
7 hours
4 hours

tities of event-based datasets has been dropping all of those cases from the study. In
most cases, the analyses emerging from these studies yield biased results and reach
inaccurate conclusions. This paper addresses this problem by utilizing multiple imputation and novel machine learning classification techniques to accurately recover
the identities of unknown perpetrators using a comprehensive event-based terrorism dataset. The study demonstrates that a binary decision-tree guided multi-class
SVM classification method can significantly increase the accuracy with which the
identities of perpetrators are predicted.
There are multiple caveats to consider when utilizing the above-described method.
First, one should be cautious of the choice of attribute variable based on which the
classes are modified. Because this decision is left at the discretion of a researcher, it
is important that a certain degree of confidence is attached to the variable choice. If
the said variable is not distinguishing enough to divide classes with precision, the
method might yield inaccurate mapping. Only those variables that create mutually
exclusive class division should be used.
Second, despite decreasing the general CPU time needed for multi-class classification relative to other classification methods owing to reduced class sizes, the
proposed method could potentially increase the overall complexity of classification
if the chosen attribute variable has too many levels. Every level in the attribute variable equates to the number of separate classifier models to be trained. This study
aggregates the number of levels the attribute variable has for the sake of parsimony.
If used without aggregation, the iyear variable would have yielded 46 separate levels – one for each year between 1970-2016. It could be argued that aggregation takes
away from the accuracy of prediction, given that the boundaries of aggregation are
arbitrarily defined. In our example, splits into decades were selected without much
justification. It is entirely possible that a terrorist organization might have purposefully not disclosed its identity at a certain time period (decade), but started claiming
its attacks later. Analogously, terrorist groups might prefer to claim their attacks in
the early stages of organization-building to gather supporters and media attention
but disguise their involvement in later attacks once a solid organizational structure
has been established. In both of these cases, when aggregated to decades, the iyear
variable might fail to accurately divide classes given fluid boundaries. A further
extension of this study could look into the performance of the method when a more
fine-grained, disaggregated version of the attribute variable is used on a decisiontree.
Further, with each reduction of classes, there is an increased risk of variation loss
as a result of a parallel reduction in datapoints. This problem is especially severe
during the training stage and when feature space includes binary factor variables.
One of the split data, for instance, led its classifier model to include a variable that
had only a single level. Scaling is necessary for fast processing and the data cannot
be scaled if there is no variability. The two available options to deal with it are to
either skip the scaling stage or to drop variables that do not exhibit any variation
post-class reduction. Both options are, by any standard, inefficient and wasteful.
22

While reduction of classes helps classification at the validation and classification
stage, it surely creates significant information loss in the training phase. Dealing
with this problem in an efficient manner is an important task for future research.
In machine learning, the essence of a classification task is to accurately and efficiently assign objects to particular categories based on their observed patterns. Efficiency is equally important as accuracy. Achieving optimal efficiency and accuracy hinges on the development of a correct coding scheme. A binary decision-tree
guided SVM ensures both with a simple, but convenient, algorithmic tweak.
Terrorism research is but one field where the proposed method can prove useful. With the advancement of the field of big data and accumulation of datasets of
massive complexity and size, the number of classes will continue to increase. The
conventional methods will struggle to accurately classify in the light of the high
number of possibilities. Allowing a machine to use nested, local classifiers with a
reduced number of classes for each observation, this new technique helps to better
understand, manage, and exploit the complexity of multi-class classification problems.
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Fortes, I, L Mora-López, R Morales and F Triguero. 2006. “Inductive learning models
with missing values.” Mathematical and Computer Modelling 44(9-10):790–806.
Fortna, Virginia Page, Nicholas Lotito and Michael Rubin. 2014. “The Causes and
Consequences of Terrorism:[toward] Introducing a New Dataset on Terrorism in
Civil Conflicts 1970-2012.” International Studies Association, Toronto, March .
Gelman, Andrew. 2004. “Parameterization and Bayesian modeling.” Journal of the
American Statistical Association 99(466):537–545.

27

Gelman, Andrew and Donald B Rubin. 1992. “Inference from iterative simulation
using multiple sequences.” Statistical science pp. 457–472.
Ghahramani, Zoubin and Michael I Jordan. 1994. Supervised learning from incomplete data via an EM approach. pp. 120–127.
Glynn, Robert J, Nan M Laird and Donald B Rubin. 1993. “Multiple imputation
in mixture models for nonignorable nonresponse with follow-ups.” Journal of the
American Statistical Association 88(423):984–993.
Graham, John W and Stewart I Donaldson. 1993. “Evaluating interventions with differential attrition: The importance of nonresponse mechanisms and use of followup data.” Journal of Applied Psychology 78(1):119.
Green, Donald P and Holger L Kern. 2012. “Modeling heterogeneous treatment effects in survey experiments with Bayesian additive regression trees.” Public opinion quarterly 76(3):491–511.
Greenland, Sander and William D Finkle. 1995. “A critical look at methods for handling missing covariates in epidemiologic regression analyses.” American journal
of epidemiology 142(12):1255–1264.
Grimmer, Justin and Brandon M Stewart. 2013. “Text as data: The promise and
pitfalls of automatic content analysis methods for political texts.” Political analysis
21(3):267–297.
Grimmer, Justin, Solomon Messing and Sean J Westwood. 2017. “Estimating heterogeneous treatment effects and the effects of heterogeneous treatments with ensemble methods.” Political Analysis 25(4):413–434.
Guyon, I. 1999. “SVM Application Survey: http://www. clopinet. com.” SVM. applications. html .
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subset selection for support vector machines.” Technical reports 1.
Hermes, Lothar and Joachim M Buhmann. 2000. Feature selection for support vector
machines. Vol. 2 IEEE pp. 712–715.
Hill, Daniel W and Zachary M Jones. 2014. “An empirical evaluation of explanations
for state repression.” American Political Science Review 108(3):661–687.
Hocke, Peter. 1998. Determining the selection bias in local and national newspaper reports
on protest events. Acts of dissent: New developments in the study of protest ed.
WZB.
Hoeyland, Bjoern and HM Nygaard. 2011. “Missing uncertainty and uncertain missing in the study of civil war onset.” Oslo: Department of Political Science, University
of Oslo, Working Paper .
Honaker, James and Gary King. 2010. “What to do about missing values in timeseries crosssection data.” American Journal of Political Science 54(2):561–581.
Hopkins, Daniel J and Gary King. 2010. “A method of automated nonparametric
content analysis for social science.” American Journal of Political Science 54(1):229–
247.
Horowitz, Michael C and Philip BK Potter. 2014. “Allying to kill: Terrorist intergroup cooperation and the consequences for lethality.” Journal of Conflict Resolution 58(2):199–225.
Hsu, Chih-Wei and Chih-Jen Lin. 2002. “A comparison of methods for multiclass
support vector machines.” IEEE transactions on Neural Networks 13(2):415–425.
Ibrahim, Joseph G, Ming-Hui Chen, Stuart R Lipsitz and Amy H Herring. 2005.
“Missing-data methods for generalized linear models: A comparative review.”
Journal of the American Statistical Association 100(469):332–346.
Imai, Kosuke and Aaron Strauss. 2010. “Estimation of heterogeneous treatment
effects from randomized experiments, with application to the optimal planning
of the get-out-the-vote campaign.” Political Analysis 19(1):1–19.
Imai, Kosuke and Marc Ratkovic. 2013. “Estimating treatment effect heterogeneity
in randomized program evaluation.” The Annals of Applied Statistics 7(1):443–470.
Jenkins, Brian, Bonnie Cordes and Konard Kellen. 1985. “A Conceptual Framework
For Analyzing Terrorist Groups.” Santa Monica, CA: RAND p. 30.
Jiang, Jing and Chengxiang Zhai. 2007. “A Systematic Exploration of the Feature
Space for Relation Extraction.”.
29

Jones, Seth G and Martin C Libicki. 2008. How terrorist groups end: Lessons for countering al Qa’ida. Rand Corporation.
Juergensmeyer, Mark. 2017. Terror in the mind of God: The global rise of religious violence. Vol. 13 Univ of California Press.
Kennickell, Arthur B. 1991. Imputation of the 1989 Survey of Consumer Finances:
Stochastic relaxation and multiple imputation. Vol. 1.
King, Gary, James Honaker, Anne Joseph and Kenneth Scheve. 2001. “Analyzing
incomplete political science data: An alternative algorithm for multiple imputation.” American political science review 95(1):49–69.
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