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Trials and Triangulations: Analyzing Aggregation Sensitivity in Event
Data on Political Violence

RESEARCH NOTE

SEBASTIAN VAN BAALEN “ AND KRISTINE HOGLUND
Uppsala University, Sweden

Event datasets are indispensable for advancing research and informing policy in international studies. However, the process
by which researchers aggregate information from multiple reports into a single event record remains neglected. Respond-
ing to calls for greater data transparency, we emphasize the importance of compiling datasets at the event report level and
employing systematic, replicable aggregation procedures. We argue that existing aggregation methods, such as relying on
median or maximum values, are insufficient for handling complex datasets on international relations and political violence.
To address this issue, we develop three distinct aggregation models tailored to more complicated data structures. Using novel
event report-level data from the Modes and Agents of Election-Related Violence in Cote d’Ivoire and Kenya (MAVERICK)
dataset, we conduct two illustrative analyses using pre-existing research designs to highlight the analytical benefits of assessing
aggregation sensitivity. The study demonstrates that aggregation choices can have far-reaching consequences and underscores
the need to account for aggregation sensitivity when collecting, selecting, and analyzing event data in international studies.

Los conjuntos de datos de eventos son indispensables para poder avanzar en la investigacion y para proporcionar infor-
macion a nivel de politicas en los estudios internacionales. Sin embargo, el proceso por el cual los investigadores agregan
informacién procedente de multiples informes en un solo registro de eventos sigue estando poco estudiado. Enfatizamos,
en respuesta a los llamamientos a una mayor transparencia de los datos, la importancia de recopilar conjuntos de datos
a nivel de informe de eventos y de utilizar procedimientos de agregaciéon de datos que sean sistemadticos y replicables.
Argumentamos que los métodos de agregacion existentes, tales como confiar en los valores medianos o maximos, resul-
tan insuficientes para gestionar conjuntos de datos complejos en materia de relaciones internacionales y violencia politica.
Con el fin de abordar este problema, desarrollamos tres modelos de agregacion de datos distintos y adaptados a estruc-
turas de datos mas complejas. Utilizamos datos novedosos a nivel de informes de eventos del conjunto de datos <<Modos
y Agentes de Violencia Electoral en Costa de Marfil y Kenia>»> (MAVERICK, por sus siglas en inglés) y llevamos a cabo
dos analisis ilustrativos, para los cuales utilizamos disenos de investigacion preexistentes con el fin de resaltar los benefi-
cios analiticos de evaluar la sensibilidad a la agregaciéon de datos. El estudio demuestra que las elecciones en materia de
agregaciéon de datos pueden tener consecuencias de gran alcance y resalta la necesidad de tener en cuenta la sensibili-
dad a la agregaciéon de datos cuando se recopilan, seleccionan y analizan datos de eventos en estudios internacionales.

Les ensembles de données sur les événements se révelent indispensables lorsqu’il s’agit de faire progresser la recherche
et de renseigner la politique en études internationales. Néanmoins, le processus d’agrégation de I'information par
les chercheurs a partir de plusieurs rapports pour créer un seul événement est encore négligé. En réponse aux ap-
pels a davantage de transparence des données, nous soulignons I'importance de la compilation d’ensembles de don-
nées au niveau du signalement d’événements et de 'emploi de procédures d’agrégation réplicables et systématiques.
Nous affirmons que les méthodes d’agrégation existantes, comme l'utilisation de valeurs médianes et maximales, se
montrent insuffisantes pour la gestion d’ensembles de données complexes sur les relations internationales et la vio-
lence politique. Pour répondre a ce probléme, nous mettons au_point trois modeles d’agrégation distincts spéciale-
ment congus pour les structures de données plus compliquées. A I'aide de données inédites au niveau du signale-
ment d’événements issues de I’ensemble de données Modes and Agents of Election-Related Violence in Cote d’lIvoire
and Kenya (MAVERICK, ou Modes et agents de la violence relative aux élections en Cote d’lIvoire et au Kenya, en
francais), nous menons deux analyses d’illustration a I'aide de conceptions de recherche préexistantes pour mettre
en lumiere les avantages analytiques de l’évaluation de la sensibilité de l'agrégation. L’étude démontre que les choix
d’agrégation peuvent entrainer des conséquences importantes et souligne la nécessité de prendre en compte la sensibil-
ité de I'agrégation lors de la collecte, de la sélection et de I'analyse des données d’événements en études internationales.
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Introduction

Event datasets on contentious politics and political violence
play a major role in producing knowledge, mobilizing ac-
tion, and informing policy decisions. News articles and hu-
man rights reports constitute the staple sources for these
datasets, including on armed conflict events (Davies et al.
2024), coup d’états (Chin, Carter, and Wright 2021), protest
events (Chenoweth, Pinckney, and Lewis 2018), and elec-
toral violence (Daxecker, Amicarelli, and Jung 2019). These
data carry descriptive and prescriptive power (Fast 2017,
707-08). They are critical in policy decisions on issues such
as where to deploy peacekeepers, how to conduct election
observation missions, when to initiate peace mediation, and
where to send humanitarian aid. However, given that basic
facts about political violence are often contested by conflict
parties and their allies, political violence data risk becoming
politicized. Refining existing data collection methodologies
to provide more transparent and replicable data is hence
important for ensuring evidence-based decision-making and
protecting the trustworthiness of political violence research
(Brigden and Gohdes 2020).

A rich literature discusses the limitations and systematic
biases that arise from using news media and human rights
reporting to construct event datasets (Baum and Zhukov
2015; Demarest and Langer 2022; Eck 2012; Sweet 2026;
Weidmann 2013; Weidmann 2015), concerns that go back
decades (Azar et al. 1972; Doran, Pendley, and Antunes
1973; Hayes 1973). Among other findings, research demon-
strates that media outlets under-report political violence in
African countries (Dietrich and Eck 2020) and in sparsely
populated areas (von Borzyskowski and Wahman 2021); that
reporters’ locations, identities, capacities, and outlet pri-
orities shape what violent events are reported (Parkinson
2024); and that newswire reporting on contentious poli-
tics suffers from self-fulfilling narrative bias (Dawkins 2021),
sequential attention effects (Hellmeier, Weidmann, and
Geelmuyden Rgd 2018), and urban bias (Kalyvas 2004). The
typical prescription for dealing with bias and blind spots is
to consult a greater number and variety of sources (Dietrich
and Eck 2020).

We acknowledge that biases, missing data, and data based
on a single source are a critical challenge for political vio-
lence researchers. However, while there is a rich literature
on blind spots and underreporting, there is a dearth of
methodological research on the problem that arises when
aggregating information from multiple reports into a sin-
gle event record (for exceptions, see Cook and Weidmann
2019; Gibler and Miller 2024; Leuffen, Shikano, and Walter
2013; Weidmann and Geelmuyden Rgd 2015). This aggrega-
tion problem arises when human or computer-assisted coders
encounter multiple and irreconcilable reports about the
same event and must decide what information to add to
the final event dataset (Weidmann and Geelmuyden Rgd
2019, 46). Any event data collection effort that identifies
more than one source for a single event can encounter a
situation where the sources report different or contradic-
tory information for a specific variable. Such aggregation
problems persist even if researchers take great care to se-
lect appropriate sources and avoid reporting biases, and
calls for concrete strategies for dealing with inconsistent
information.

Despite the prevalence of the aggregation problem and
improved transparency standards, there is a lack of explicit
documentation and advise on how researchers deal with the
aggregation problem (Cook and Weidmann 2019, 251). Our
review of all political violence event datasets introduced in

2010-2025 in five key journals that publish conflict research
reinforces this claim (table 1).! While most datasets (89 per-
cent) rely on multiple sources, only half of those that in-
clude casualty counts provide multiple estimates, and only
one (6 percent) explicitly details how different event reports
are aggregated into a single event observation. Moreover,
although several datasets claim that they record the “best,”
“most reliable,” “most thorough,” or “most common” infor-
mation, they offer little to no detail on how such judgments
are made in practice. Thus, while conflicting information
is an inherent feature of political violence reporting, the
datasets used in empirical research are largely silent on how
this core challenge is addressed.

Our research note expands the event report approach de-
veloped by Weidmann and Geelmuyden Rgd (2015) and im-
plemented in the Mass Mobilization in Autocracies Database
(MMAD) (Weidmann and Geelmuyden Rgd 2019). They
propose that researchers should record, share, and analyze
political violence data at the level of individual event reports.
When collecting data on political violence, an event report
is an observation of a violent incident that takes place on
a single day and in a particular location as reported in a
single source, implying that there can be multiple event re-
ports about a single event (Weidmann and Geelmuyden Rgd
2015, 126).

Coding political violence data at the event report level
(1) helps preserve the raw data contained in the underly-
ing reports; (2) makes the aggregation process more trans-
parent, flexible, and reproducible; (3) allows users to repli-
cate their analyses using different aggregation models; and
(4) enables users to use the data to model reporting biases,
estimate missing values, and weigh observations by source
characteristics (Cook and Weidmann 2019, 255; Weidmann
and Geelmuyden Rgd 2015, 127). The event report struc-
ture facilitates (and demands) the use of systematic aggrega-
tion rules. However, existing implementations and method-
ological reflections provide limited information on actual
aggregation processes and primarily rely on mean, mode,
and maximum values that are insufficient for handling com-
plex datasets.

We make two contributions. First, we build on the
methodological literature on data aggregation and trian-
gulation and develop three ideal-type aggregation mod-
els applicable to data that include numerical, dichoto-
mous, date, and categorical variables. Our approach ex-
tends the event report approach introduced by Weidmann
and Geelmuyden Rgd (2019), while addressing additional
challenges arising from more complex data structures. Un-
certainty in event data can be handled in several ways, in-
cluding by incorporating coder uncertainty reports (Croicu
and Kreutz 2016), attaching probability distributions to
event variables (Vesco et al. 2024), and using model-
based approaches such as latent variable modeling (Fariss,
Kenwick, and Reuning 2020). Our contribution is to of-
fer a structured, rule-based alternative that provides trans-
parent scenarios for assessing aggregation sensitivity, min-
imizes the need for strong assumptions about the under-
lying data-generation process, and is comparatively easy to
implement and interpret. Moreover, because coder uncer-
tainty reports and probability distributions can be incor-
porated into aggregation models, our approach comple-
ments rather than replaces existing methods for handling
uncertainty.

1]ournal of Peace Research, Journal of Conflict Resolution, International In-
teractions, Conflict Management and Peace Science, and International Studies
Quarterly.
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Table 1. Aggregation in event datasets on contentious politics and political violence.

Multiple Multiple casualty  Explicit and detailed aggregation rules for

Dataset sources Count of sources  estimates majority of variables

Armed Conflict Location and Events Yes No, but list of No No, coders are instructed to cite “the most

Dataset (ACLED) sources provided thorough, reliable, and recent report”
(Codebook, p. 40), but there is no
information on aggregation

Database on Suicide Attacks (DSAT) Yes Yes No No

Deadly Electoral Conflict (DECO) dataset  Yes Yes Yes No, based on the UCDP, so implicitly seeks
to identify and use “the best” source (see
entry below)

Electoral Contention and Violence Yes No No No

(ECAV) dataset

Global Instances of Coups dataset Yes Yes, but as - No

separate source
variables

Interstate War Battle (IWB) 1.0 dataset Yes No No No

Konstanz One-Sided ViolenceEvent Yes Yes Yes No

Dataset (KOSVED) dataset

Mass Mobilization in AutocraciesDatabase Yes Yes - Yes, documented and replicable

(MMAD)

Militarized InterstateConfrontation (MIC)  Yes No Yes No

dataset

Militarized Interstate Dispute (MID) 5.0 Yes No No No

dataset

Militarized Interstate Events (MIE) dataset  Yes No Yes No

Nonviolent Action in Violent Contexts Yes Yes, but only a Yes No

(NVAVC) dataset binary variable

Nonviolent and ViolentCampaigns and No - - -

Outcomes (NAVCO) 3.0 dataset

Private Security Events Database (PSED) Yes No - No

Social Conflict Analysis Database (SCAD) Yes Yes No No, although coders are instructed to “use
the most recently cited and/or most
common estimates for disputed
information” (Codebook, p. 3)

Uppsala Conflict Data Program Yes Yes Yes No, although implicitly seeks to identify

Geo-referenced Event Dataset and use “the best” source (Codebook, p.

(UCDP-GED) 12)

Urban Social Disorder (USD) 3.0 dataset No - - -

Varieties of Coups d’Etat (Colpus) dataset  Yes No - No, but includes several variables

Total (18 datasets) 89% (16/18)

50% (8/16)

describing certainty of inclusion

50% (6/12) 6% (1/16)

Second, drawing on data from the Modes and Agents of
Election-Related Violence in Cote d’Ivoire and Kenya (MAV-
ERICK) dataset (Van Baalen and Hoglund 2026), we assess
how the choice of aggregation model affects the robustness
of statistical findings based on event data. Specifically, we
adopt the research design of two existing studies on elec-
toral violence in Cote d’Ivoire and Kenya, respectively, and
use three aggregated versions of the MAVERICK data to as-
sess if and to what extent the results are sensitive to the
choice of aggregation approach. To facilitate the more com-
plex aggregation procedures and diagnostics we advocate,
all aggregation tools used for our analysis are available in
the eventreport package, available for R on the Comprehen-
sive R Archive Network (CRAN).2

Aggregation in the MAVERICK Event Report Data

Our analysis of aggregation models draws on a novel event
report-level dataset on electoral violence: the MAVERICK

2Available at https://CRAN.R-project.org/package=eventreport.

dataset (Van Baalen and Hoglund 2026). MAVERICK is a
disaggregated and georeferenced dataset that contains in-
formation about 2,200 unique events extracted from 3,287
event reports about electoral violence incidents in Cote
d’Ivoire (1995-2022) and Kenya (1992-2022). The dataset
includes multiple variables about each violent event and the
underlying sources, making MAVERICK ideal for examining
aggregation sensitivity in event report-level data.

The unit of analysis is the event report, an observation of
an electoral violence incident that took place on a single day
and in a particular location as reported in a single source.
We sourced event reports from international and domestic
newspaper articles through the online news repository Fac-
tiva, and from human rights reports, election monitoring
reports, special commission investigations, and civil society
documentation. While we cannot guarantee complete inde-
pendence across all reports, we removed obvious duplicates
and reports that explicitly cite another report as their only
source to reduce artificial inflation of agreement. The broad
source selection strategy means that MAVERICK often con-
tains multiple event reports about a single event: 18 percent
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Figure 1. Illustration of the three aggregation models.

of events are based on more than one event report, and 3
percent of events are recorded in more than five event re-
ports. The average event is coded from 1.49 sources. While
these figures indicate that the data contain many single-
source events, descriptive statistics show that multi-source
events are associated with more deaths and injuries and are
therefore more consequential for overall violence estimates
(Online Appendix Figure A3).

Identifying whether multiple event reports refer to the
same incident presents a central challenge in any event
data collection. In some cases, such as the MMAD dataset,
event reports are matched automatically based on timing
and location (Weidmann and Geelmuyden Rgd 2019, 49).
In our coding, we matched reports to a common event
ID based on temporal and spatial proximity and narrative
similarity. While we allow for discrepancies across reports—
particularly in variables like fatalities or actor involvement—
they had to align on at least some features to be considered
the same event. This procedure inevitably involves coder
judgment, and we make it transparent by retaining the event
report-level data, enabling future users to inspect and revise
the matching.

The Aggregation Problem

Event report datasets necessitate the development of aggre-
gation rules. A common (albeit often implicit) approach
is to identify the best source on a case-by-case basis (Sweet
2026). This procedure is common in established event data
collection projects with longer time horizons, when coders
can develop the case and issue-specific knowledge needed
to make an informed decision about what sources to trust.
Cook and Weidmann (2019, 256) show through simulations
that this aggregation approach is superior if researchers can
identify the best source in a majority of cases. However,
event reports oftentimes contain relatively little informa-
tion, making a researcher’s ability to identify the best source
“a heroic and untestable assumption” (Cook and Weidmann
2019, 256). Moreover, there is rarely consensus on what con-
stitutes “the best” source, and different sources may be su-
perior for different variables, making it difficult to identify a
single, clearly preferable report.

As an alternative, we draw on existing methodological
literature on triangulation (Leuffen, Shikano, and Walter
2013) and design three aggregation models: the most-
representative, most-informative, and most-conservative models.
Rather than trying to identify “the best” event report, each
model reflects a different epistemological perspective and

Security The BAE

(B) Most-informative

Specificity

The BAE
score 3

Specificity
score 2

Police Security

forces

Security
forces

(C) Most-conservative

employs a distinct rule set to identify “the best” variable
value. Our models are not the only or always the best
ways to aggregate information, and a key strength of event
report-level data is the possibility to develop multiple tai-
lored aggregation rules (Weidmann and Geelmuyden Rgd
2015, 128). Instead, our models should be seen as ideal
types that essentialize substantively meaningful assumptions
about what the best triangulation method is.

The Most-Representative Aggregation Model

Our first aggregation model aggregates event reports to the
event level by primarily using the most frequent value, here
referred to as the mostrepresentative aggregation model.
This model most closely reflects the standard idea of tri-
angulation, which stipulates that information reported by
many independent sources is more trustworthy than infor-
mation reported by a few sources (Leuffen, Shikano, and
Walter 2013, 43). In practice, this model identifies the mode
value of each variable across the event reports, including
empty strings. Treating empty strings as information is es-
sential for capturing uncertainty, for example, because the
typical answer to who perpetrated a certain attack is that we
do not know. A key strength of this aggregation model is its
simplicity and ability to best reflect the collected data. The
key limitations are that it does not take into account the dif-
ferential quality of the underlying sources, more complex
ways of dealing with discrepancies, or a preference for re-
taining more information. Panel A in figure 1 illustrates the
most-representative aggregation model’s logic for the vari-
able recording the perpetrator of a hypothetical political vi-
olence event. While the three sources disagree on the per-
petrator’s identity, the most-representative model selects the
gendarmerie, the most frequently reported value.

The Most-Informative Aggregation Model

Our second model, the mostinformative aggregation
model, aggregates event reports by maximizing the amount
of information from the event reports. The logic underpin-
ning this model is to provide the user with as detailed and
granular information as possible (Sundberg and Harbom
2011, 101), a prerequisite for testing micro- and meso-level
theories on political violence (Balcells and Justino 2014,
1348). Moreover, this model may be particularly suitable for
testing theories that are concerned with the consequences
of how an event is perceived rather than the “ground truth”
(what really happened). Examples include studies that fo-
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cus on how perceptions of electoral violence, real or re-
ported, shape voter turnout and vote choice (Rosenzweig
2023; von Borzyskowski, Daxecker, and Kuhn 2022). Some-
times, sources with greater detail are also more likely to be
more accurate, as specificity may indicate that the author
was more proximate to and had access to more information
about the event (Croicu and Kreutz 2016, 20). Simultane-
ously, the quest for greater detail risks undermining data re-
liability, as more specific information increases the range of
possible measurement error (Sundberg and Harbom 2011,
101). Additionally, the most-informative model may require
additional parametrization that can be sensitive to measure-
ment error, for example, the definition of specificity scores.

The mostinformative model prioritizes values that pro-
vide as much information as possible, regardless of their rep-
resentativeness. For categorical variables, MAVERICK draws
on auxiliary specificity score variables that rank how spe-
cific a given value is. For example, naming a perpetrator
(e.g., “the Brigade Anti Emeute (BAE)”) is considered more
informative than identifying only the actor type (e.g., “se-
curity forces”). For dichotomous and numerical variables,
such as fatalities or property damage, we consider higher
or positive values as more informative than lower or neg-
ative (0 or false) values. This decision reflects a modeling
choice rather than a claim that higher numbers are inher-
ently more informative: under-reporting and missing infor-
mation are common in settings of political violence, so 0
and low values often reflect a lack of information rather
than well-grounded assessments that little or no violence oc-
curred (Dawkins 2021). However, because higher and pos-
itive values may also reflect rumors or exaggerations, the
most-informative model reflects the 7richest—not necessar-
ily the most accurate—account. Finally, for range variables,
the most-informative model generates the smallest possible
range (e.g., the latest reported event start date and the ear-
liest reported event end date). The implications are illus-
trated in Panel B in figure 1, with the specificity scores on
the left. While two sources identify the security forces as the
perpetrator, the most-informative model prioritizes the re-
port that identifies the BAE as the perpetrator, the value
with the highest specificity score.

The Most-Conservative Aggregation Model

Our final model aggregates event reports by prioritizing in-
formation with the lowest common denominator across the
event reports to avoid random and unsystematic measure-
ment error (Sundberg and Harbom 2011, 99; Weidmann
2013, 575). Taking into account information from event re-
ports that are outliers may make the data more informa-
tive, but risks introducing biased, incorrect, or inflated in-
formation. For this reason, the most-conservative aggrega-
tion model prioritizes values that are consistent with as many
event reports as possible, emphasizing caution and corrob-
oration over completeness or detail. This principle means
that the most-conservative aggregation model will use the
specificity score variables to prioritize (1) categorical values
at a higher level of aggregation (e.g., towns over neighbor-
hoods for location variables), (2) minimum values for nu-
merical and dichotomous variable (e.g., the lowest reported
number of deaths), and (3) the largest possible range for
range values (e.g., the earliest reported event start date and
the latest reported event end date). While the model may
provide more reliable observations, these practices may also
introduce a status quo bias that privileges vague, overly neu-
tral, or state-sanctioned accounts. Furthermore, the most-

conservative model treats the lower bound of a distribution
as a point estimate that is subjected to additional statistical
uncertainty in regression analysis, which can lead to overly
cautious or misleading inferences. Panel C in figure 1 illus-
trates the logic of the most-conservative aggregation model.
Although all three values are equally frequent, the model
prioritizes the report that identifies the perpetrator as the
security forces, a broad label that is less informative but con-
sistent with all three reports.

Table 2 summarizes the MAVERICK aggregation rules for
different types of variables and outlines the tie-breaking
rules where applicable. Tie-breaking rules—an invention in
MAVERICK—are needed when events are multi-modal, and
the model must arbitrate between values that are equally fre-
quent. This problem is pertinent in the MAVERICK data, as
itincludes many categorical variables and most multi-source
events are based on two sources. As outlined in table 2, these
tie-breaking rules differ for categorical, dichotomous, and
numerical variables.

Assessing Aggregation Sensitivity

A key rationale for collecting event report-level data is the
concern that empirical findings differ depending on the ag-
gregation procedures, which we refer to as aggregation sensi-
tivity. Aggregation sensitivity is a form of data sensitivity, that
is, a model’s sensitivity to changes in the input data, and
arises because the aggregation process requires subjective
decisions about how to reconcile discrepancies in variables
such as the timing, location, or intensity of events. These de-
cisions are particularly consequential when the underlying
reports differ significantly in the values they attribute to the
event. Aggregation sensitivity is further amplified when the
final variable construction depends on multiple underlying
variables that could all be sensitive to aggregation choices.
Conversely, if sources provide consistent values or if only one
source reports on an event, aggregation sensitivity is mini-
mized.?

A closer look at the temporal distribution of electoral vio-
lence deaths during Cote d’Ivoire’s and Kenya’s worst elec-
toral crises illustrates how aggregation sensitivity impacts
our assessment of violence timing and severity. The top panel
in figure 2 shows the weekly number of estimated deaths as-
sociated with Cote d’Ivoire’s disputed 2010 presidential elec-
tion. As the graph shows, the aggregation models sometimes
differ in their estimates of the timing and intensity of elec-
toral violence, most notably during the height of the crisis
in February and March 2011. The bottom panel in figure 2
plots the daily number of estimated deaths during the elec-
toral crisis in Kenya, 2007-2008. Again, the graph demon-
strates that the different aggregation models yield important
divergences: the most-informative model records far more
deaths in early and late December 2007 than the other mod-
els. Thus, a study evaluating a theory’s temporal predictions
based on the MAVERICK data would be sensitive to the re-
searcher’s choice of aggregation model.

We demonstrate how aggregation sensitivity can influ-
ence empirical findings by conducting two illustrative
analyses adopting the research designs of two published
studies: one on election-education and electoral violence
in Cote d’Ivoire (Smidt 2020), and another on local
ethno-political polarization and electoral violence in Kenya

3Online Appendix A outlines six aggregation diagnostics that can be used to
assess aggregation sensitivity and calculated using the eventreport R package. For
more information, see the package documentation https://cran.r-project.org/
web/packages/eventreport/vignettes/get_started.html.
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Table 2. Overview of MAVERICK aggregation models (tie-breaking rules in parentheses).

Variable class

Most-Representative

Most-Informative

Most-Conservative

Categorical

Categorical with meta variables

Dichotomous
Numerical
Dates

Strengths

Weaknesses

Mode value

(prioritized report typeP; most
election-related report¢)

Mode value

(prioritized report type; most
clection-related report)

Mode value

(positive value)

Mode value

(lowest mode value)

Mode start and end date
(mean of modesd)

Simplicity; representative of the
underlying data; robust to
outliers

Disregards differential source
quality; omits potentially useful
information; sensitive to

Mode reported value
(prioritized report type; most
election-related report)

Most specific value
(prioritized report type; most
election-related report)
Positive value

Highest value
Smallest date range
Retains more information,;

captures worst possible
perceptions

Sensitive to outliers, rumors,
and misinformation; may
require additional

Mode value

(prioritized report type; most
election-related report)

Least specific value
(prioritized report type; most
clection-related report)
Negative (0) value

Lowest value
Largest date range

Emphasizes caution and
corroboration; provides a hard
test; suitable for studies that
require high evidentiary
thresholds

Can provide overly conservative
estimates and inferences;
sensitive to status quo bias

interdependence between
event reports

parametrization

2 Based on the auxiliary specificity score variable, which classifies values as more specific according to a pre-determined hierarchy.

b Based on the auxiliary source type variable, which prioritizes reports based on the source type, ranging from most prioritized (special commissions
and international news media) to least prioritized (partisan domestic news media).

¢ Based on the auxiliary certainty variable, which counts the number of indicators that the event was election-related, contained in the event report.

d Rounded to the earliest date to produce whole dates.

(Muller-Crepon 2022). Rather than replicating these studies
in full, we use their theoretical arguments, data, and model
specifications as foundations for illustrative analyses that ap-
ply our three aggregation models to the MAVERICK data.
This approach allows us to isolate how different aggregation
choices shape empirical results while holding data and re-
search design constant.

We selected these two studies for several reasons. First,
they focus on countries and time periods covered by the
MAVERICK dataset, allowing us to apply similar covariates
and model specifications. Second, both studies provide well-
documented and publicly available replication materials,
which enabled us to closely follow their analytical setups.
Third, both studies construct electoral violence variables
that require information on the timing, location, type, and
actors involved in the violence, variables that are themselves
sensitive to aggregation decisions. Finally, both studies ad-
dress theoretically significant questions in the study of elec-
toral violence, making them well-suited for illustrating how
aggregation sensitivity can influence empirical inferences
regarding substantively important topics.

Illustration I: Election-Education Efforts and Electoral
Violence in Cote d’Ivoire

Our first illustration draws on a study that argues that
election-education events organized by UN peacekeeping
operations can mitigate fears of election violence, reduce
political alienation, and delegitimize violence. These miti-
gating effects should, in turn, decrease the prevalence of vi-
olent protests and riots in localities where peacekeepers or-
ganize more election-education events (Smidt 2020, 2025).

The analysis is based on a dataset including 428
department-election periods* in Cote d’Ivoire between 2010
and 2015. The independent variable is a count of UN
election-education events in each department-election pe-
riod captured from press releases published by the UN mis-
sion. The study controls for opposition strongholds associ-
ated with ousted President Laurent Gbagbo, electoral com-
petitiveness, the subnational deployment of UN police and
military personnel, travel time in minutes from a depart-
ment to the nearest major city, distance to the nearest in-
ternational border, infant mortality rate, population size,
and the cumulative count of violent events in the twelfth
to seventh month before the electoral period (Smidt 2020,
207). The study tests the hypothesis using ordered logistic
regression analyses and finds that Ivorian departments with
more UN election-education events experienced fewer vio-
lent protests and riots.

Our primary interest is to assess how sensitive the results
are to aggregation choice, so we imitate the original model
specification but use the MAVERICK data to construct three
new dependent variables.® The original dependent variable
is a count of violent protests and riots in a department in
the three months before and after the 2010 presidential
election, 2011 legislative election, 2013 municipal election,
and 2015 presidential election as identified in the Social
Conflict in Africa Data (SCAD) and Armed Conflict Loca-
tion and Event Data (ACLED) datasets (Smidt 2020, 205—
06). We create similar dependent variables by subsetting
the three aggregated datasets to events concerning these
four elections and to events that involved either political ac-

4Cote d’Ivoire’s third-tier administrative subdivision.
5A full overview of the model specification and all included variables is in
Online Appendix B.
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Figure 2. Weekly number of estimated deaths in Cote d’Ivoire, October 2010—-June 2011 (top panel) and daily number
of estimated deaths in Kenya, November 2007-March 2008 (bottom panel). Both figures are based on the best estimated

number of deaths and the earliest possible event date.

tors® or ordinary citizens. Because the subsetting requires
the actor type variables, all of which have high disagree-
ment rates across event reports concerning the same event
(Online Appendix Table Al), this filtering left us with an
unequal number of events across aggregation models: 29
for the mostrepresentative aggregation, 37 for the most-
informative, and 26 for the most-conservative. We then use
these filtered datasets to count the number of violent events
per department-election period and aggregation.

The results are in table 3 and estimate the main
model using the count measures produced by our most-
representative, most-informative, and most-conservative ag-
gregation models. Following the original study, all models
include region fixed effects and robust standard errors clus-
tered by department. The results indicate that several co-

6This category includes (among others) actors coded as political parties,
youth wings, women'’s wings, and party supporters.

efficients and their standard errors are sensitive to the cho-
sen aggregation model, including for the election education
variable, the opposition stronghold variable, and the UN po-
lice variable. The results across the three aggregation mod-
els all indicate that election-education was associated with
an increase in the number of violent events. A possible ex-
planation could be that election-education events heighten
people’s self-efficacy and therefore people’s propensity to
attend election-related protests that escalate into violence
(Smidt 2020, 202; Young 2020). However, this effect is only
statistically significant (p < 0.05) when using data from our
most-informative and most-conservative aggregation models
(Models 2 and 3), whereas the results based on our most-
representative aggregation model (Model 1) are not statisti-
cally significant.

Figure 3 plots the predicted probability of one electoral vi-
olence event as the number of election-education events in-
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Table 3. Ordered logistic regression of election-education events and electoral violence.

Aggregation model:

1)

Most-Representative

(2) (3)

Most-Informative Most-Conservative

Election education (past 6 months) 0.413
(0.29)
Gbagbo stronghold 1.593*
(0.953)
Competitiveness 2.357
(2.674)
UN police —1.585*
(0.813)
UN military —0.165
(1.174)
Travel time —0.13
(1.256)
Border distance —0.058
(1.374)
Infant mortality —0.213
(0.295)
Population size 18.644%+*
(6.056)
Baseline violence —0.111
(0.342)
AIC 205.6
Observations 428
Log Likelihood —58.825

0.488%* 0.601%*
(0.215) (0.267)
1.764% 92.94
(0.84) (1.525)
2.799 0.754
(2.489) (2.764)
—1.498 -1.71
(0.884) (1.132)
—0.078 0.039
(1.128) (1.528)
0.384 1.636
(0.596) (2.015)
0.276 0.936
(1.188) (2.417)
—0.225 —0.397
(0.292) (0.31)
91.799% 97.115%
(4.696) (7.501)
~0.156 —0.246
(0.349) (0.478)
9231.5 181.3
498 498
—70.782 —46.648

Note: Based on Model 1 in Table IIT in Smidt (2020). All models include region fixed effects.
Robust standard errors in parentheses, clustered by department: *p < 0.1, **p < 0.05, and ***p < 0.01.

Most-representative
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25%

20%
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Figure 3. Predicted probability of experiencing one electoral violence event by number of election-education events by

dataset. Based on the results in table 3.

creases, holding all control variables at their observed value.
The figure indicates that aggregation choice also has an im-
portant impact on how we interpret the substantial effect
across the two significant models: to exemplify, the proba-
bility of one electoral violence event for departments expe-
riencing two election-education efforts decreases by 28.36
percent, from 6.24 percent in the most-informative model
to 4.47 percent in the most-conservative model. These dif-
ferences arise because the different aggregation models pro-
duce different event counts when including only events that

involved civilians. In other words, our assessment of the re-
lationship between election-education efforts and electoral
violence is partially a function of how we triangulate infor-
mation for a single variable—even when the baseline event
report data contains the same number of events. And while
the differences across the models are not statistically signifi-
cant, analyses based on event data would have no means for
comparing coefficients and would have to draw their con-
clusions based on a single aggregated dataset, often without
knowing the aggregation choices made during the dataset
construction process.
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Table 4. Linear regression of local ethnic polarization and pre-election violence events.

Aggregation model:

Most-Representative

1)

(2)

Most-Informative

(3)

Most-Conservative

Time to election * Ethno-political polarization 0.095%+* 0.091 = 0.085*+*
(0.032) (0.032) (0.029)
Time to election * Population 0.016* 0.016* 0.015*
(0.01) (0.009) (0.009)
District-year fixed effects Yes Yes Yes
Country-month fixed effects Yes Yes Yes
Spatial lag.1, 19, 3 Yes Yes Yes
Polynomial dependent variable!-23 Yes Yes Yes
Observations 53,383 53,383 53,383
R? 0.449 0.459 0.46
Adjusted R? 0.393 0.404 0.405

Note: Based on the Kenya constituency-level sub-analysis (Model 1 in Online Appendix Table A9) in Miiller-Crepon (2022).
Standard errors in parentheses, clustered by district: *p < 0.1, **p < 0.05, ***p < 0.01.

Illustration II: Local Ethnic Polarization and Electoral
Violence in Kenya

Our second illustration draws on a study that proposes
that local ethno-political polarization increases the risk
of pre-election violence in majoritarian elections (Muller-
Crepon 2022). Majoritarian legislative elections localize po-
litical competition. When voting districts are more ethno-
politically polarized, this localized competition generates in-
centives for political leaders to instigate violence against ri-
val voters with the aim of demobilizing opposing voters and
raising the salience of ethnic identities among their own vot-
ers.

The study tests the argument using district-month data on
riots from twenty-two African countries between 1990 and
2013. The key independent variable is an ethno-political po-
larization index computed from data on local ethnic de-
mographics and the political relevance of ethnic groups
(Mtller-Crepon and Hunziker 2018). Additionally, the study
associates each district-month with its temporal distance to
the next legislative election, calculated as the inverse of the
distance to the next election, so that higher values indicate
more imminent elections (Muller-Crepon 2022, 247). The
main hypothesis is evaluated through an interaction term
between time to the next election and ethno-political po-
larization, controlling for population size and accounting
for spatio-temporal fixed effects and auto-correlation.” To
accommodate the high-dimensional fixed effects, the au-
thor uses a linear count model rather than a negative bi-
nomial model (Miller-Crepon 2022, 248). The main find-
ing is that riots are more frequent in ethno-politically polar-
ized districts before majoritarian legislative elections than
in non-polarized districts or before proportional legislative
elections.

To isolate the effect of aggregation sensitivity using the
MAVERICK data, we use the subanalysis of local ethno-
political polarization at the constituency-month level in
Kenya (Miller-Crepon 2022, Table A9, Online Appendix A).
The dependent variables in the original analysis are the
(logged) monthly count of riot events identified in SCAD,
and the (logged) count of riot fatalities identified in ACLED
(Muller-Crepon 2022, 247). To retain MAVERICK events

7A full overview of the model specification and all included variables is in
Online Appendix C.

that fall within the study’s theoretical scope, we subset the
three aggregated datasets to events that involved either po-
litical actors, non-state armed actors (such as ethnic militias
and gangs), or ordinary citizens, the filtering method that
best captures the original study’s focus on attacks “by civil-
ian members of one ethnic group on civilian members of
another ethnic group” (Miiller-Crepon 2022, 244). We then
create two dependent variables: a logged count of the num-
ber of events per constituency-month and a logged count
of the best-estimated number of deaths per constituency-
month. The construction of these dependent variables de-
pends on our timing, location, actor, and fatalities variables,
and therefore yields differential counts across the three ag-
gregation models.

The event count results are in table 4 and show that
ethno-political polarization increases pre-election violence
(the interaction term between the time to the next elec-
tion and polarization).® Models 1-3 indicate that this find-
ing is robust to aggregation sensitivity: there are no mean-
ingful differences in coefficient size, standard errors, or ex-
plained variance across the three aggregation models. Vi-
sual inspection of the predicted number of electoral vio-
lence events over the pre-election period by degree of local
ethno-political polarization (figure 4) further indicates that
there are no differences in substantial effect across the three
aggregation models.” Thus, our results indicate that local
ethno-political polarization in Kenya is associated with sig-
nificantly greater increases in pre-election violence, regard-
less of how we aggregate the underlying event reports. This
more robust finding is only possible because we use event
report-level data and three theoretically specified aggrega-
tion models.

Assessing the death count models reveals a more compli-
cated picture. Table 5 presents the results using the death
count variables. The results indicate that the findings are
sensitive to the choice of aggregation approach. Although

8Note that because ethno-political polarization is constant within districts
over a year, and time to election is constant across districts within the same
month, their constitutive terms are not identified when including district-year
and country-month fixed effects (Miiller-Crepon 2022, 248).

9Because the original study models the outcome as log(y + 1) using linear
regression, some predicted values and confidence intervals fall marginally below
0 after back-transformation. We report these estimates for consistency with the
original study’s specification.
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Figure 4. Predicted number of electoral violence events over the pre-election period by degree of local ethno-political polar-
ization and aggregation model. Based on the results in table 4. Negative predicted values are truncated at 0.

Table 5. Linear regression of local ethnic polarization and pre-election violence deaths.

Aggregation model:

Most-Representative

4) () (6)

Most-Informative Most-Conservative

Time to election * Ethno-political polarization

Time to election * Population

District-year fixed effects
Country-month fixed effects
Spatial lag;1, 1o, 3

Polynomial dependent variable!-23
Observations

R?

Adjusted R?

0.042 0.083* 0.039
(0.033) (0.044) (0.028)
—0.001 0.001 —0.0003
(0.003) (0.005) (0.003)
Yes Yes Yes
Yes Yes Yes
Yes Yes Yes
Yes Yes Yes
53,383 53,383 53,383
0.347 0.385 0.309
0.282 0.323 0.24

Note: Based on the Kenya constituency-level sub-analysis (Model 5 in Online Appendix Table A9) in Muller-Crepon (2022). Standard errors in

parentheses, clustered by district: *p < 0.1, **p < 0.05, and ***p < 0.01.

the coefficients of the interaction term are positive across
all three aggregation models, we only find a statistically sig-
nificant positive effect (p = 0.06) of ethno-political polariza-
tion on pre-election violence deaths when using the most-
informative model (Model 5), whereas the results from the
mostrepresentative and most-conservative models are not
significant at conventional levels (p = 0.2 and p = 0.17).
This result, in other words, is predicated on systematically
trusting the most-informative report values, while systemat-
ically putting our faith in the most-representative or most-

conservative values would yield larger pvalues. This aggre-
gation sensitivity arises because the death count variable de-
pends on multiple underlying variables—such as event tim-
ing, actor type, and severity—that can vary across event re-
ports. These variables also feed into spatial and temporal
components of the model, amplifying the downstream ef-
fects of aggregation and highlighting how aggregation sen-
sitivity becomes more pronounced when outcome variables
are constructed from multiple variables with their own event
report-level variance.
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Conclusion

Reliable event datasets are paramount for building knowl-
edge on political violence and other behaviors of relevance
to international relations. Our study demonstrates that the
aggregation choices built into event datasets can have far-
reaching implications for statistical results, especially in re-
search on rare events or in studies based on a small number
of observations. There are three implications for research
based on event data.

Regarding event data collection, the risk of aggregation
sensitivity reiterates the need for transparency in detail-
ing aggregation choices. We concur with Weidmann and
Geelmuyden Rgd (2015) that there are clear benefits to pro-
viding event data at the report level. Additionally, our expe-
rience with developing aggregation models for the MAVER-
ICK dataset underscores the advantages of also recording
meta variables, such as specificity scores or report quality
variables, to aid in more complex aggregation. For example,
future data collection efforts can combine event report-level
data with the recent development of a data evaluation pro-
tocol to report numerical source credibility scores (Sweet
2026). Finally, given that aggregation choices can shift event
counts and aggregate values, data collection projects that
stick to the event level should explicitly develop and dis-
cuss their aggregation rules, for example, in regular coding
meetings.

Our discussion also emphasizes the need to consider
aggregation sensitivity in the data selection process. Differ-
ent aggregation models offer particular benefits depend-
ing on a study’s theoretical focus. Testing theories con-
cerned with “ground truth” demands an aggregation ap-
proach that yields our best assessment of what actually hap-
pened. For such studies, variants of the most-representative
and most-conservative models would be most suitable. Con-
versely, testing theories that hinge on subjective perceptions
of what happened requires an aggregation approach that
captures what people thought may have happened, even
if those data are exaggerated or incorrect. In those cases,
researchers may have theoretical reasons to employ our
most-informative aggregation approach. Beyond the need
for replicability and transparency, an important implication
is that aggregation approaches should be theoretically mo-
tivated. The eventreport R package simplifies this process by
enabling users to build complex aggregation models (in-
cluding our ideal type models) using simple convenience
functions.

Regarding event data analysis, our illustrations reinforce
the need to explore whether findings are robust to ag-
gregation sensitivity (Cook and Weidmann 2019, Online
Appendix A, 4). Dependent variables based on event data
are often constructed from multiple underlying variables,
meaning that aggregation divergences can compound,
sometimes in surprising ways. Assessing aggregation sensi-
tivity then becomes an important robustness check. A good
practice for researchers with access to event report-level data
is to assess robustness across multiple defensible aggregation
models. If the results remain similar, it means that the re-
searcher can rule out aggregation bias and conclude that
the findings are not driven by systematically trusting partic-
ular types of information. Whenever the findings are not
robust, the researcher can investigate the reason for these
discrepancies to gauge whether they constitute a problem
for their analysis or not. Alternatively, researchers can carry
aggregation discrepancies into their analyses, for example,
by using modeling weights, or even use discrepancy as an
independent or dependent variable.

Acknowledgments

We thank David Edberg Landestrom and Tor Richardson-
Golinski for excellent coding assistance; Juan Diego Duque
Salazar, Kathleen Klaus, Maxine Leis, David Randahl, An-
dres Uribe, Nils Weidmann, Julian Wucherpfennig, and
three reviewers for feedback on earlier versions; and Han-
nah Smidt and Carl Miiller-Crepon for their professionalism
in sharing their data and insights.

Supplementary material

Supplementary material is available at International Studies
Quarterly online.

Funding

The study was funded by the Swedish Research Council
(grant number VR2020-00914).

Data availability

The analysis is based on original event report data on elec-
toral violence and publicly available replication data. The
data and scripts underlying this article are available on
the ISQ Dataverse, at https://dataverse.harvard.edu/datave
rse/isq. The eventreport R package is available at https://cr
an.r-project.org/web/packages/eventreport/index.html.

References

AzAR, Epwarp E., Stanpey H. CoHeN, THoMmAs O. Jukam, AND James M Mc-
Cormick. 1972. “The Problem of Source Coverage in the Use of In-
ternational Events Data.” International Studies Quarterly 16: 373-88.
https://doi.org/10.2307/3013573.

BaLceLLs, Laa, AND PaTricia Justivo. 2014. “Bridging Micro and Macro Ap-
proaches on Civil Wars and Political Violence: Issues, Challenges, and
the Way Forward.” Journal of Conflict Resolution 58: 1343-59. https:
//doi.org/10.1177/0022002714547905.

Baum, MATTHEW A., AND YURI M ZHUKOV. 2015. “Filtering Revolution: Report-
ing Bias in International Newspaper Coverage of the Libyan Civil War.”
Journal of Peace Research 52: 384—400. https://doi.org/10.1177/002234
3314554791.

Bricpen, NoreLLE K., AND ANniTaA R Gonbes. 2020. “The Politics of Data Access
in Studying Violence across Methodological Boundaries: What We Can
Learn from Each Other?” International Studies Review 22: 250—67. https:
//doi.org/10.1093/isr/viaa017.

CHENOWETH, ERICA, JONATHAN PINCKNEY, AND ORION A Lewis. 2018. “Days of
Rage: Introducing the NAVCO 3.0 Dataset.” Journal of Peace Research
55: 524-34. https://doi.org/10.1177/0022343318759411.

CHIN, JonN J., Davip B. CARTER, AND JosepH G WRIGHT. 2021. “The Varieties
of Coups D’Etat: Introducing the Colpus Dataset.” International Studies
Quarterly 65: 1040-51. https://doi.org/10.1093/isq/sqab058.

Cook, ScotT J., ANp Nis B WEmDMANN. 2019. “Lost in Aggregation: Improv-
ing Event Analysis with Report-Level Data.” American Journal of Political
Science 63: 250-64. https://doi.org/10.1111/ajps.12398.

Croicu, MiHaL, AND JoAkM KreuTz. 2016. “Communication Technology and
Reports on Political Violence: Cross-National Evidence using African
Events Data.” Political Research Quarterly 70: 19-31. https://doi.org/10
1177/1065912916670272.

Davies, SHAWN, GAROUN ENGSTROM, THERESE PETTERSSON, AND MAGNUS OBERG.
2024. “Organized Violence 1989-2023, and the Prevalence of Orga-
nized Crime Groups.” Journal of Peace Research 61: 673-93. https://do
i.org/10.1177/00223433241262912.

Dawxins, Sopnia. 2021. “The Problem of the Missing Dead.” Journal of Peace
Research 58: 1098-116. https://doi.org/10.1177/0022343320962159.

DAXECKER, Ursura, ELIO AMICARELLI, AND ALEXANDER JUNG. 2019. “Electoral
Contention and Violence (ECAV): A New Dataset.” Journal of Peace Re-
search 56: 714-23. https://doi.org/10.1177/0022343318823870.

DEMAREST, LEILA, AND ARNIM LANGER. 2022. “How Events Enter (or Not) Data
Sets: The Pitfalls and Guidelines of using Newspapers in the Study of

920z YyoJel\ 9| uo Jasn yajol|qigsieusianiun ejesddn Aq 612£058/771L06ebs/|/0//a10n1e/bsl/woo dno-ojwapeoe//:sdiy wolj papeojumoq


https://academic.oup.com/isq/article-lookup/doi/10.1093/isq/sqag014#supplementary-data
https://academic.oup.com/isq/article-lookup/doi/10.1093/isq/sqag014#supplementary-data
https://dataverse.harvard.edu/dataverse/isq
https://cran.r-project.org/web/packages/eventreport/index.html
https://doi.org/10.2307/3013573
https://doi.org/10.1177/0022002714547905
https://doi.org/10.1177/0022343314554791
https://doi.org/10.1093/isr/viaa017
https://doi.org/10.1177/0022343318759411
https://doi.org/10.1093/isq/sqab058
https://doi.org/10.1111/ajps.12398
https://doi.org/10.1177/1065912916670272
https://doi.org/10.1177/00223433241262912
https://doi.org/10.1177/0022343320962159
https://doi.org/10.1177/0022343318823870

12 S. vaAN BaALEN axnD K. HOGLUND

Conlflict.” Sociological Methods & Research 51: 632—66. https://doi.org/
10.1177/0049124119882453.

DietricH, Nick, AND KriSTINE Eck. 2020. “Known Unknowns: Media Bias in the
Reporting of Political Violence.” International Interactions 46: 1043-60.
https://doi.org/10.1080/03050629.2020.1814758.

DoraN, CHARLES F., RoBERT E. PENDLEY, AND GEORGE E ANTUNES. 1973, “A Test of
Cross-National Event Reliability: Global versus Regional Data Sources.”
International Studies Quarterly 17: 175-203. https://doi.org/10.2307,/26
00227.

Eck, KrisTiNE. 2012. “In Data We Trust? A Comparison of UCDP GED and
ACLED Conflict Events Datasets.” Cooperation and Conflict 47: 124—41.
https://doi.org/10.1177,/0010836711434463.

Fariss, CHRISTOPHER J., MICHAEL R. KExwick, AND KEvIN REUNING. 2020. “Estimat-
ing One-Sided-Killings from a Robust Measurement Model of Human
Rights.” Journal of Peace Research 57: 801-14. https://doi.org/10.1177/
0022343320965670.

Fast, Larissa. 2017. “Diverging Data: Exploring the Epistemologies of Data
Collection and Use among Those Working on and in Conflict.” Inter-
national Peacekeeping 24: 706-32. https://doi.org/10.1080/13533312.2
017.1383562.

GIBLER, DoucLas M., AND STEVEN V MILLER. 2024. “The Militarized Interstate
Events (MIE) Dataset, 1816-2014.” Conflict Management and Peace Sci-
ence41: 463-81. https://doi.org/10.1177/07388942231182674.

Haves, Ricuarp E. 1973. “Identifying and Measuring Changes in the Fre-
quency of Event Data.” International Studies Quarterly 17: 471-93. https:
//doi.org/10.2307/2600222.

HrLLMEIER, SEBASTIAN, Nirs B. WEIDMANN, AND EspEN GEELMUYDEN Rgp. 2018.
“In the Spotlight: Analyzing Sequential Attention Effects in Protest Re-
porting.” Political Communication 35: 587-611. https://doi.org/10.108
0/10584609.2018.1452811.

Karyvas, Stathis N. 2004. “The Urban Bias in Research on Civil Wars.” Security
Studies 13: 160-90. https://doi.org/10.1080/09636410490914022.

LEUFFEN, DIRK, SUSUMU SHIKANO, AND STEFANIE WALTER. 2013. “Measurement
and Data Aggregation in Small-N Social Scientific Research.” European
Political Science 12: 40-51. https://doi.org/10.1057/eps.2012.8.

MULLER-CREPON, CARL. 2022. “Local Ethno-Political Polarization and Election
Violence in Majoritarian vs. Proportional Systems.” Journal of Peace Re-
search 59: 242-58. https://doi.org/10.1177/0022343320973724.

MULLER-CREPON, CARL, AND PuiLipp Hunziker. 2018. “New Spatial Data on
Ethnicity: Introducing SIDE.” Journal of Peace Research 55: 687-98.
https://doi.org/10.1177/0022343318764254.

PARKINSON, SARAH E. 2024. “Unreported Realities: The Political Economy of
Media-Sourced Data.” American Political Science Review 118: 1527-32.
https://doi.org/10.1017/S0003055423001181.

RoseNzwElG, STEveN C. 2023. Voter Backlash and Elite Misperception: The Logic
of Violence in Electoral Competition. Cambridge: Cambridge University
Press. https://doi.org/10.1017/9781009354905.

SmipT, HaNNAH. 2020. “Mitigating Election Violence Locally: UN Peacekeep-
ers’ Election-Education Campaign in Cote d’Ivoire.” Journal of Peace
Research 57: 199-216. https://doi.org/10.1177/0022343319884993.

Smipt, HanNan. 2025. “CORRIGENDUM to Mitigating Election Vio-
lence Locally: UN Peacekeepers’ Election-Education Campaigns in
Cote d’Ivoire by Hannah Smidt.” Journal of Peace Research 62:
2492-97. https://doi.org/10.1177/00223433251324149.

SUNDBERG, RaLpH, AND Lotta HarRBOM. 2011. “Systematic Data Collection: Ex-
periences from the Uppsala Conflict Data Program.” In Understanding
Peace Research, edited by Kristine Hoglund and Magnus Oberg. Abing-
don: Routledge.

SWEET, RacHEL. 2026. “Knowing What We Don’t: The Fundamental Problem
of Data Quality in Conflict Research—And Methodological Solutions.”
Journal of Conflict Resolution 70: 140-69. https://doi.org/10.1177/0022
0027251325877,

VEsco, Paora, Davip RanpanL, HAvARD HEGRE, STINA HOGBLADH, AND MERT CAN
Yiumaz. 2024. The Underreported Death Toll of Wars: A Probabilistic Reassess-
ment from a Structured Expert Elicitation. Preprint. Oslo: Peace Research
Institute Oslo (PRIO) and Uppsala University.

VAN BAALEN, SEBASTIAN, AND KrISTINE HOGLUND. 2026. “Introducing the Modes
and Agents of Election-Related Violence in Cote d’Ivoire and Kenya
(MAVERICK) Dataset.” Journal of Peace Research. https://doi.org/10.1
093/jopres/xjat012.

VON BoRrzyskowskI, INKEN, URSULA DAXECKER, AND PaTrick M Kunn. 2022. “Fear
of Campaign Violence and Support for Democracy and Autocracy.”
Conflict Management and Peace Science 39: 542—64. https://doi.org/10.1
177/07388942211026319.

VON BORZYSKOWSKI, INKEN, AND MICHAEL WAHMAN. 2021. “Systematic Measure-
ment Error in Election Violence Data: Causes and Consequences.”
British_Journal of Political Science 51: 230-52. https://doi.org/10.1017/
S0007123418000509.

WEeDMANN, NiLs B. 2013. “The Higher the Better? The Limits of Analytical
Resolution in Conflict Event Datasets.” Cooperation and Conflict 48: 567
76. https://doi.org/10.1177/0010836713507670.

WEIDMANN, NiLs B. 2015. “On the Accuracy of Media-Based Conflict Event
Data.” Journal of Conflict Resolution 59: 1129-49. https://doi.org/10.1
177/0022002714530431.

WEIDMANN, Nis B., AND EspEN GEELMUYDEN Rgp. 2015. “Making Uncertainty
Explicit: Separating Reports and Events in the Coding of Violence and
Contention.” Journal of Peace Research 52: 125-8. https://doi.org/10.1
177/0022343314523807.

WEIDMANN, NILs B., AND EsPEN GEELMUYDEN RoD. 2019. The Internet and Political
Protest in Autocracies. Oxford: Oxford University Press. https://doi.org/
10.1093/0s0,/9780190918309.001.0001.

YOUuNG, Lauren E. 2020. “Who Dissents? Self-Efficacy and Opposition Action
after State-Sponsored Election Violence.” Journal of Peace Research 57:
62-76. https://doi.org/10.1177/0022343319886000.

van Baalen, Sebastian, and Kristine Hoglund. (2026) Trials and Triangulations: Analyzing Aggregation Sensitivity in Event Data on Political Violence. International Studies Quarterly,

https://doi.org/10.1093 /isq/sqag014

© The Author(s) 2026. Published by Oxford University Press on behalf of the International Studies Association. This is an Open Access article distributed under the terms of the
Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium,

provided the original work is properly cited.

920z YyoJel\ 9| uo Jasn yajol|qigsieusianiun ejesddn Aq 612£058/771L06ebs/|/0//a10n1e/bsl/woo dno-ojwapeoe//:sdiy wolj papeojumoq


https://doi.org/10.1177/0049124119882453
https://doi.org/10.1080/03050629.2020.1814758
https://doi.org/10.2307/2600227
https://doi.org/10.1177/0010836711434463
https://doi.org/10.1177/0022343320965670
https://doi.org/10.1080/13533312.2017.1383562
https://doi.org/10.1177/07388942231182674
https://doi.org/10.2307/2600222
https://doi.org/10.1080/10584609.2018.1452811
https://doi.org/10.1080/09636410490914022
https://doi.org/10.1057/eps.2012.8
https://doi.org/10.1177/0022343320973724
https://doi.org/10.1177/0022343318764254
https://doi.org/10.1017/S0003055423001181
https://doi.org/10.1017/9781009354905
https://doi.org/10.1177/0022343319884993
https://doi.org/10.1177/00223433251324149
https://doi.org/10.1177/00220027251325877
https://doi.org/10.1093/jopres/xjaf012
https://doi.org/10.1177/07388942211026319
https://doi.org/10.1017/S0007123418000509
https://doi.org/10.1177/0010836713507670
https://doi.org/10.1177/0022002714530431
https://doi.org/10.1177/0022343314523807
https://doi.org/10.1093/oso/9780190918309.001.0001
https://doi.org/10.1177/0022343319886000
https://doi.org/10.1093/isq/sqag014
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Aggregation in the MAVERICK Event Report Data
	Assessing Aggregation Sensitivity
	Conclusion
	Acknowledgments
	Supplementary material
	Funding
	Data availability
	References

