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ABSTRACT
Conflict researchers face many challenges, including (1) how to
model conflicts, (2) how to measure them, (3) how to manage their
spatio-temporal character, and (4) how to handle a potential abun-
dance of information and explanation. In this paper, we describe
an ecosystem of tools designed for use by subject matter experts
that addresses these challenges. Three case studies show workflows
that are facilitated by this ecosystem.

CCS CONCEPTS
• Information systems→ Information systems applications;
• Applied computing→ Law, social and behavioral sciences;
• Human-centered computing→ Visualization.
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1 INTRODUCTION
Computational methods are increasingly used to study all types of
conflict, including political violence, instability, and social protest.
Several projects now existfor these types of events, including the
Violence Early Warning System, which is designed to predict sub-
national political violence in Africa [22], and CoupCast, which
forecasts the risk of coup for each country in the world every
month [19]. Another example concerns the United Nations Office
for the Coordination of Humanitarian Affair. To assist in the event
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of food insecurity, outbreaks of disease, and natural disasters, it
prepares “anticipatory action frameworks” that are largely built
on predictive models [36]. Computational methods are also used
in the field of event data, with applications to the study of conflict
in both computer and political sciences [12, 35, 40]. Thus, there
is a broad set of researchers who can benefit from computational
tools that streamline the study of conflicts, including government
officials at places such as the Bureau of Conflict and Stabilization
Operations at the United States State Department; analysts at think
tanks such as RAND [13] and One Earth Future [18]; researchers
at the United Nations and other governmental organizations; and
researchers affiliated with projects such as the Armed Conflict
Location & Event Data project [33].

While studying and analyzing conflicts, researchers face many
challenges that our ecosystem has been built to address. Chief
among them are (1) how tomodel conflicts, (2) how tomeasure them,
(3) how to manage their spatio-temporal character, and (4) how to
handle a potential abundance of information and explanation.

In an early application of a neural network model [27] to conflict
prediction, [4] stated the modeling challenge succinctly: "Interna-
tional conflict is a rare event, and the processes that drive it where it
is more common are likely to be very different from those elsewhere.
As a result, many qualitative researchers expect the relationships
to be highly nonlinear, massively interactive, and heavily context
dependent or contingent" (p. 22). Although their application is spe-
cific to international conflict, it applies to the entire class of political
violence, instability, and social protest.

The measurement challenge is less specific to conflict–in fact, it
is an issue for much of social research. Many of the concepts we
study, whether it be conflict and violence or something else, have
no objectively true quantification. In practice, we measure them
despite well-known conceptual and operational difficulties [1]. As
a result, we do not see a single dataset on civil war, or on social
protest, but rather many datasets on these topics. Each dataset
has its own conceptual and operational definitions. Consequently,
applying multiple datasets to the same problem has several benefits,
but most importantly it helps to establish the robustness of an
empirical finding by reducing sensitivity in the model [23].

The third challenge concerns the spatio-temporal nature of con-
flict datasets: most conflicts materialize as spatio-temporal events,
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and they might occur in a variety of spatially and temporally disag-
gregate levels. Determining what level is ideal for a certain analysis
may not be trivial, and if more than one dataset needs to be ana-
lyzed in tandem, converting them to a compatible spatio-temporal
granularity can be costly.

Last but not least, while the abundance of datasets opens the
opportunity for new and more robust analyses, finding data relevant
to a given question is difficult. Political violence, instability, and
social protest are complex issues with no simple explanation. [6]
and [20] provide evidence for this statement with respect to civil
wars and terrorism. As available data expands, and the number of
explanations for these events expands along with it, researchers are
left with the task of sorting through large quantities of information
to identify what is meaningful for their problem. At its core, this
is a problem that arises from an increase of available resources.

In this paper, we describe an ecosystem of tools for spatio-
temporal conflict data management and usability, predictive mod-
eling, novelty detection, and visualization. This ecosystem is de-
signed for use by subject matter experts to study all types of conflict,
including political violence and social protest. It addresses the mod-
eling, measurement, spatio-temporal, and information exploration
challenges detailed above. More specifically, it is built for advanced
but simple exploratory visual analysis [3], exploratory model build-
ing [24, 31], and engineered to generate insights, assess hypotheses,
and construct machine learning models. Since much of what the
ecosystem is designed to facilitate is exploratory, it depends on
what the subject matter expert considers relevant. Therefore, we
do not make assumptions about the relevance of any dataset, nor
do we presuppose any notion of a correct answer, or any kind of
predefined, linear workflow. Rather, we present an ecosystem to
help researchers find and process relevant data, detect and prune
useless information, refine the development of hypotheses, and
employ advanced models for the study of conflict.

Our main contributions can be summarized as follows: (1) we
assembled an ecosystem of tools to empower conflict researchers
to carry out complex computational workflows, streamlining data
exploration and discovery – this ecosystem supports the spatio-
temporal character of datasets, which is essential for conflict analy-
ses and modeling; and (2) we describe case studies that demonstrate
the effectiveness of this tool ecosystem.

RelatedWork. There are various data analytics frameworks, such
as Tableau [39] and R [32], that are used to analyze conflict data.
However, these tools are general purpose and not domain specific,
requiring extensive skills from end users. Moreover, common work-
flows include different tasks that range from searching for new data
to exploring model predictions. While each task can be completed
independently with tools such as R and Python, there are extensive
synergies in an integrated system. At the other end of the spectrum
are systems specifically for conflict data, promoting their collection,
curation, and visualization. xSub [41], for example, includes data
collections on subnational conflict for over 150 countries, facili-
tating their aggregation into different spatio-temporal units and
allowing for faster dataset comparisons. ACLED [34] collects data
on different types of political violence and protest events, and has a
dashboard for exploration and visualization. However, systems such
as these are basically tools for data accessibility and exploration,

and not domain specific research platforms. The set of tools that we
present in this paper works as a first step towards filling this gap.
The tools fit neatly into the research fields of visual analytics [14],
dataset search engines [10, 29], and spatio-temporal relationship
mining [2, 5]. They are tailored for conflict research and the kinds
of data commonly found in this field.

Figure 1: Data exploration and modeling component of
TwoRavens. The distribution of each feature is shown, along
with a directed graph for model specification.

2 TOOLS FOR CONFLICT EXPLORATION
In this section, we give an overview of the tools we developed to
address the challenges described in the introduction.

2.1 TwoRavens
TwoRavens is a Web application for statistical analysis and data ex-
ploration [16, 21]. Using a framework called human guided machine
learning, researchers explore data visualizations, review recommen-
dations about interesting relationships between variables, manipu-
late the data, and specify models as machine learning tasks. The
interface is illustrated in Figure 1, showing a group of predictors
and a single target feature. Information about features, including
temporal or geospatial tags and summary statistics, are displayed.
The machine learning tasks are solved with the backend, AutoML
component. Through a common interface, TwoRavens exposes mul-
tiple AutoML backends, including AlphaD3M [17], TPOT [25], and
an original TwoRavens system. As solutions from AutoML back-
ends stream back, they are cast over interpretation tools that allow
users to compare metrics and explore predictions, among other
features. The process is iterative and researchers can revise their
initial specifications, incorporate new data, and glean new insights.

2.2 TwoRavens for Event Data
TwoRavens for Event Data [16] is designed for structuring raw
event data into time-series formats. Researchers can browse event
datasets including ICEWS [8] and SPEED [28], can construct queries
to select types of events and sets of actors, and view and down-
load resulting time-series. Data may be exported to TwoRavens for
further analysis.
Event Data. The unit of observation in event datasets is the event,
where typically each row represents an event of interest. Events gen-
erally have spatial and temporal attributes, along with source/target
actors and classification of action types. Event datasets are often
used to model the relationships between actors, which represent



Figure 2: Auctus: The search results that match the key-
word ‘protest’ and the grid dataset are displayed. The SCAD
dataset is selected and the augmentation is set up to perform
a spatial-temporal join.
entities at various levels of abstraction, including governments, or-
ganizations, rebel groups, and prominent individuals. Researchers
can construct expressive subset/aggregation constraints via config-
urable dyads that link groupings of actors together.
Queries. Due to the high frequency of events, event datasets are
cumbersome to download and too large to load into memory. Col-
lections such as ICEWS update regularly so data for near-real-time
modeling needs to be updated frequently. TwoRavens for Event
Data addresses these issues by providing an accessible interface
for researchers to build up subset/aggregation queries, and offload
query execution to a centrally-hosted MongoDB database. The
tool has a single-click transition to move the data into TwoRavens,
where researchers can continue their analysis, or into Auctus, where
it becomes discoverable for others.

2.3 Auctus Dataset Search Engine
Increasingly, conflict researchers use machine learning to forecast
conflict [9], but there is an inherent limitation in this approach:
machine learning models are as good as the training data they use.
Consequently, a question arises: Given a machine learning task and
an initial dataset as input data, how can we find additional, relevant
data to build a better model? Auctus [30], a tool proposed to address
this issue, is a dataset search engine tailored for data augmentation.
Different from existing dataset search engines, Auctus not only
indexes the content of datasets from a variety of sources (including
the Web) but also infers consistent metadata that is later used to
retrieve datasets that can be joined or appended to a user’s data.
Beside the Web interface (see Figure 2), Auctus can be accessed
through a REST API [37].

2.4 PODS
Since conflicts often materialize as outlying values in datasets (e.g.,
abnormal peaks in the monthly numbers of violent events), having
an automatic mechanism to discriminate data noise from outliers
that correspond to events is desirable, especially when the analysis
involves a large number of datasets and the manual outlier inspec-
tion becomes infeasible. In this context, a useful tool to understand
the nature of data outliers is PODS (Predictable Outliers in Data-
trendS) [5]. Given a collection of temporal datasets, PODS derives
explanations for outliers by identifyingmeaningful relationships be-
tween them. It proposes a statistical criterion to determine whether

outlier relationships are meaningful, and it does so by verifying if
such relationships could have been predicted from non-outliers.

2.5 Novel Integrations
With a high level of compatibility between components’ inputs and
outputs, our system allows for integration across its tools with little
to no programming effort. It is possible and practical, for example,
to search for datasets within a region and a time period with Auctus,
restrict the search to relationships involving neighboring countries
with PODS, and focus on specific spatio-temporal slices for the
creation of models with TwoRavens. The integrated architecture
of our ecosystem takes the spatio-temporal character of conflict
datasets into account, which is generally a challenge for data man-
agement. The case studies in Section 3 illustrate how this challenge
is addressed. Since users do not need to spend time converting data
or implementing scripts to use different tools in a combined fashion,
the total of our ecosystem is greater than the sum of its parts.

3 CASE STUDIES
In this section we describe case studies that demonstrate how the
ecosystem can be used.

3.1 Group Comparisons
One workflow that researchers may use to study political vio-
lence involves comparing different violent extremist organizations
(VEOs). For example, [7] compares recruitment strategies of the
Islamic State in Iraq and Syria, Al-Qaeda, and the Provisional Irish
Republican Army. Comparisons such as this help identify patterns
and facilitate the construction of theories of group behavior. We be-
gin with the TwoRavens Event Data system and compare two VEOs
in Africa: Al-Shabaab (Somalia & East Africa) and Boko Haram
(Nigeria & West Africa). Our research question is: do these VEOs
engage in similar types of armed conflict? First, we construct time
series plots to understand the different types of violence employed
by each group. To do so, we perform the following operations: (1)
select the ACLED data [34]; (2) group actors, combining all known
names for each VEO; (3) subset the data to only include events
with these actor groups; (4) aggregate to monthly counts of conflict
events; and (5) plot the resulting time series.

The resulting time series for Al-Shabaab is shown in Figure 3.
A trend emerges, showing a high number of battle events (blue)
followed by a sharp drop in 2012, and an increase in 2018. When
battle events are low, violence against civilians (red) tends to increase.
This exploration reveals a potentially interesting dependency where
one type of conflict drives another. A hypothesis might be that
as groups weaken in strength, and thus can no longer engage in
direct battle, they increasingly resort to violence against civilians
to make their political statements. However, the comparable time
series for Boko Haram does not provide additional support for this
hypothesis, as battles and violence against civilians tend to trend
together. To gather more insight on how group violence compares,
we can broaden the set of groups included in the analysis. Or, since
TwoRavens Event Data contains many event datasets, researchers
can continue to explore Al-Shabaab and Boko Haram using different
conceptualizations and operationalizations of violence. The analyst
may also transition to TwoRavens, and use AutoML to forecast
trends in conflict events, or join new data from the Auctus system.



Figure 3: Time series shows three types of conflict events in-
volving Al-Shabaab: battles (blue), remote violence (orange),
and violence against civilians (red).

Figure 4: PODS detected a meaningful relationship between
"quasi co-occurring" anomalous peaks in state-based vio-
lence in Nigeria (𝑔𝑒𝑑_𝑏𝑒𝑠𝑡_𝑠𝑏_𝑁𝑖𝑔𝑒𝑟𝑖𝑎) and protest events in
Benin (𝑎𝑐𝑙𝑒𝑑_𝑐𝑜𝑢𝑛𝑡_𝑝𝑟_𝐵𝑒𝑛𝑖𝑛). Black ellipses enclose a few of
the temporally-close peaks in these data features.

3.2 Anomalous Relationships
An analysis of conflict data demonstrates the utility of anomalous
relationship detection with PODS. In this example, the data includes
all countries in Africa with measures at the monthly level. The tar-
get variable is state-based conflict [38], and we want to discover
if major changes in levels of state-based conflict are associated
with shifts in other data features. For example, it might be that
shifts in state-based violence in Nigeria are associated with sudden
economic changes in Cameroon or Chad (other states where Boko
Haram tends to operate). In our analysis, PODS detects associations
between protest in many countries and state-based violence in Nige-
ria, including Benin (shown in Figure 4). While conflict contagion is
a well-known phenomenon [26], it is less common to see contagion
across types of conflict and instability, which is what we observe
some evidence for here. This suggests additional questions that
could be explored and are facilitated with these tools. For example,
is this specific to Nigeria? To answer that, PODS could be re-run
with a focus on different countries. What are the factors in Nigeria
that suggest that nearby protest triggers state-based violence? New
data from Auctus may be used to further explore this question.

3.3 Improved Modeling
Conflict researchers use predictive modeling for a number of rea-
sons, including to guide policy-making decisions, and to assess
theories of conflict [15]. For each of these purposes, it is crucial
to identify new data sources, merge those data, and evaluate the
contribution of different features. This is an iterative process loop,

which can be facilitated through the integration of TwoRavens
and Auctus. In practice, conflict researchers may have to analyze
conflict events that appear in datasets with distinct spatial and tem-
poral levels in a combined fashion, and joining these datasets may
be challenging. Traditionally, researchers would have to specify
functions to identify whether an event falls within a particular grid,
if it falls within the grid in the specified time interval, and then
use an appropriate function to aggregate cases when more than
one event occurs. Auctus has features to accomplish this join of
grid-level data with arbitrary event data, also allowing for different
levels of temporal specification and different aggregation functions.

In this case study, we use grid data for Africa with conflict events
aggregated into quarterly counts. Thus, each grid contains four ob-
servations per year. The target variable is again state-based conflict
[38]. Our hypothesis is that social unrest and destabilizing events
contribute to the use of force domestically [11]. The required steps
are described as follows: (1) transition to Auctus from TwoRavens
(see Figure 2); (2) search keyword protest and merge SCAD into
the grid data, specifying spatial and temporal levels and selecting
aggregation function to count the number of destabilizing events
and to sum the fatalities; (3) transition back to TwoRavens from
Auctus; and finally (4) forecast state-based conflict. After explor-
ing the results generated by the AutoML system, we find that the
number of destabilizing events at time 𝑡 is a valuable predictor of
state-based violence at time 𝑡 +1. Joining these datasets also enables
the researcher to use other features of TwoRavens, including the dis-
covered problems component that automatically formulates models
to predict features in the data, potentially leading to new research
questions. As an example, are there existing variables associated
with the merged SCAD data features that are meaningfully related?
Upon merging another event dataset, this system feature would
apply to combinations of the original data, the SCAD data, and the
newly joined data. Thus, this integration between TwoRavens and
Auctus provides compound benefits to the researcher.

4 CONCLUSION
In this paper, we describe an ecosystem of tools for domain ex-
perts to aid in conflict research. We present three case studies that
showcase how these integrated tools facilitate the formulation and
refinement of research hypotheses. This ecosystem also provides
benefits to data scientists that typically work with domain experts
to realize the value of computational methods. Thus, we expect that
systems such as ours will have a multiplicative effect on research
output. Open data management questions that can be explored in
future research include: how to implement mixed-initiative visual
interfaces that allow users to explore their needs in more detail;
how to aggregate data from the event-level into grid-based or other
units, better addressing the spatio-temporal complexity of conflict
data; and how to use natural language processing techniques to
better make sense of domain experts’ information needs.
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