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RESEARCH NOTE

Reporting of non-fatal conflict events

Mihai Croicu and Kristine Eck

Uppsala University

ABSTRACT
Temporally and spatial disaggregated datasets are commonly
used to study political violence. Researchers are increasingly
studying the data generation process itself to understand the
selection processes by which conflict events are included in
conflict datasets. This work has focused on conflict fatalities.
In this research note, we explore how non-fatal conflict events
are reported upon and enter into datasets of armed conflict.
To do so, we compare reported non-fatal conflict events with
the population of events in two direct observation datasets,
collected using a boots-on-the-ground strategy: mass abduc-
tions in Nepal (1996–2006) and troop movements in Darfur.
We show that at the appropriate level of aggregation media
reporting on abductions in Nepal largely mirrors the “true”
population of abductions, but at more disaggregated levels of
temporal or spatial analysis, the match is poor. We also show
that there is no overlap between a media-driven conflict data-
set and directly-observed data on troop movements in Sudan.
These empirics indicate that non-fatal data can suffer from
serious underreporting and that this is particularly the case for
events lacking elements of coercion. These findings are indica-
tive of selection problems in regards to the reporting on non-
fatal conflict events.

Los conjuntos de datos desagregados temporal y espacial-
mente se utilizan de manera habitual para analizar la violencia
pol�ıtica. Los investigadores estudian cada vez m�as el proceso
de generaci�on de datos para comprender los procesos de
selecci�on a trav�es de los que se incluyen eventos de conflicto
en los conjuntos de datos sobre conflictos. Este trabajo se
centr�o en las v�ıctimas fatales resultantes de los conflictos. En
esta nota de investigaci�on, exploramos c�omo se informan los
acontecimientos conflictivos no fatales y c�omo se incorporan
esos datos al conjunto de datos sobre conflictos armados.
Para ello, comparamos los casos informados de acontecimien-
tos conflictivos no fatales con el resto de los acontecimientos
en dos conjuntos de datos de observaci�on directa, recopilados
mediante una estrategia de observaci�on sobre el terreno: los
secuestros masivos en Nepal (1996–2006) y los movimientos
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de tropas en Darfur. Demostramos que, en el nivel adecuado
de agregaci�on de datos, la informaci�on de los medios de
comunicaci�on sobre los secuestros en Nepal refleja en gran
medida la verdadera cantidad de secuestros, pero, en niveles
m�as desagregados del an�alisis temporal o espacial, la coinci-
dencia es deficiente. Tambi�en demostramos que no hay coin-
cidencia entre un conjunto de datos sobre conflictos
impulsados por los medios de comunicaci�on y los datos reco-
pilados mediante la observaci�on directa durante los movi-
mientos de tropas en Sud�an. Estos datos emp�ıricos indican
que los casos de v�ıctimas no fatales presentan un problema
grave de infradeclaraci�on, en especial, en hechos que carecen
de elementos de coerci�on. Estos resultados indican problemas
de selecci�on en lo que respecta a la declaraci�on de aconteci-
mientos conflictivos no fatales.

Des jeux de donn�ees d�esagr�eg�ees dans le temps et dans
l’espace sont couramment utilis�es pour �etudier la violence
politique. Des chercheurs �etudient de plus en plus le proces-
sus de g�en�eration de donn�ees en lui-même pour comprendre
les processus de s�election par lesquels les �ev�enements de
conflits sont inclus dans les jeux de donn�ees sur les conflits.
Mais ce travail se concentre sur les d�ec�es li�es aux conflits.
Dans cet expos�e de recherche, nous �etudions la mani�ere dont
les �ev�enements de conflits non mortels sont rapport�es et
inclus dans les jeux de donn�ees sur les conflits arm�es. Pour ce
faire, nous comparons les �ev�enements de conflits non
rapport�es avec la population des �ev�enements de deux jeux de
donn�ees d’observation directe recueillies �a l’aide d’une strat-
�egie de terrain : l’un de ces jeux de donn�ees concerne enl�eve-
ments de masse au N�epal (1996–2006) et l’autre concerne les
mouvements de troupes au Darfour. Nous montrons qu’au
niveau d’agr�egation appropri�e, les reportages des m�edias sur
les enl�evements au N�epal refl�etent en grande partie la popu-
lation r�eelle victime d’enl�evement, mais qu’�a des niveaux plus
d�esagr�eg�es d’analyse dans le temps ou dans l’espace, la con-
cordance est faible. Nous montrons �egalement qu’il n’y a pas
de recoupement entre le jeu de donn�ees sur les conflits
aliment�e par les m�edias et les donn�ees acquises par observa-
tion directe des mouvements de troupes au Soudan. Ces anal-
yses empiriques indiquent que les donn�ees sur les
�ev�enements non mortels souffrent d’une grave sous-
d�eclaration et que c’est particuli�erement le cas pour les
�ev�enements d�epourvus d’�el�ements de coercition. Ces r�esultats
indiquent des probl�emes de s�election en ce qui concerne les
rapports sur les �ev�enements de conflits non mortels.

Introduction

Spatio-temporally highly disaggregated data are increasingly used to study pol-
itical violence—with an increased reliance on events datasets aiming to provide
comprehensive coverage of the armed conflict. Some of these datasets focus
exclusively on fatal incidents (like the Uppsala Conflict Data Program, UCDP)
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while others include non-fatal acts like rebel recruitment, looting, abductions,
surrenders, property destruction, troop movements, etc. Notable such datasets
include the Social Conflict Analysis Database (SCAD) (Salehyan et al. 2012);
the Non-Violent and Violent Campaigns and Outcomes Data Project
(NAVCO) (Chenoweth, Pinckney, and Lewis 2017); and the Armed Conflict
Location and Event Dataset (ACLED).
Such datasets rely heavily on media sources and IGO/NGO monitoring

efforts as their source of reporting. There has been an increased focus on
the data generation process (DGP) to understand which conflict events
become public and which selection processes affect their inclusion in data-
sets (Baum and Zhukov 2015; Croicu and Kreutz 2017; Davenport and Ball
2002; Dietrich and Eck 2020; Gohdes and Price 2013; Hendrix and
Salehyan 2015; Price and Ball 2014; Weidmann 2016). The primary chal-
lenge in this endeavor is that it ideally requires comparing these conflict
datasets with an objective and complete account of the situation on the
ground, to which we rarely have access. Nonetheless, scholars have devel-
oped innovative research designs to gain traction on the question of how
well conflict datasets match “reality” to understand whether the data we
use introduces bias into researchers’ statistical models.
Most such efforts are focused solely on fatal events even as many burgeon-

ing research fields within civil war studies focus on what are often non-vio-
lent activities, such as rebel governance (Arjona 2016), recruitment
(Blattman 2009; Eck 2014; Kalyvas and Kocher 2007), socialization (Cohen
2016; Green 2017), diplomacy (Huang 2016), fractionalization (Pearlman and
Cunningham 2012; Staniland 2014) and peacekeeping deployment (Fjelde,
Hultman, and Nilsson 2019; Hultman, Kathman, and Shannon 2019). While
these research fields have not yet built on cross-national micro-level data to
the same degree as has research on conflict violence, scholars are increasingly
sourcing data on non-violence in the civil war to gain microlevel traction on
complicated conflict processes (Raleigh 2014; Wood 2014).
However, to our knowledge there is no research that examines the DGP

of non-fatal conflict events—the only point of reference being social move-
ments literature usually targeting Western democracies under vastly differ-
ent contexts (Earl et al. 2004).
In this research note, we explore how non-fatal conflict events enter into

datasets of armed conflict. Previous research indicates that violence is
newsworthy, and therefore the more violent an event is, the more likely
journalists are to report on it. Extending the logic of this finding, our intu-
ition is that due to the lack of violence, we expect that the level of report-
ing of non-fatal conflict events will, in general, be of poor quality, with a
further intuition that the greater the level of coercive force used, the more
likely the event is to be reported.
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To gain some empirical traction on this issue, we compare reported non-
fatal conflict events with the population of events in two datasets collected via
direct observation—datasets collected by objective, external actors (NGOs or
IGOs), via a comprehensive “boots-on-the-ground” approach. While this strat-
egy is not perfect, we expect that such datasets will be reasonably close to the
ground truth. This happens, on one hand, by eliminating media biases, media
fatigue, and reporting attenuation effects; on the other, via a closer, more spe-
cialized, more intensive, and more context-aware data collection strategy.
We present two empirical exercises: first, comparing media reports on

mass abductions during the Nepalese armed conflict (1996–2006) with a
comprehensive dataset collected by a local NGO, INSEC; second, compar-
ing the coding of troop movements coded in the ACLED based on publicly
available media and NGO reports with data collected by the United
Nations/African Union Mission in Darfur (UNAMID). These exercises
allow us to study non-fatal violence involving different levels of coercion:
abductions (heavily coercive), and troop movements (little/no coercion).
The empirics show that, for abductions, the media reports a fraction of

the events contained in the NGO dataset. At higher levels of aggregation
media reporting in Nepal largely mirrored the “true” population of abduc-
tions, but at more disaggregated levels of temporal or spatial analysis, the
match is poor. For the troop movements data, we show that there is no
overlap between ACLED and UN data on troop movements in Sudan. The
data provide a dramatic illustration of how media coverage can fail to
report certain categories of conflict activity. These findings are indicative of
our hunches: the non-fatal data that we examine suffers from underreport-
ing, and this is inversely proportional to the level of coercive force in the
event. While we cannot generalize from these cases, the findings are indica-
tive of selection problems. This article contributes by advancing our know-
ledge of the data production process for non-violent events which are of
increasing relevance for theories of conflict processes.

Where Conflict Data Come from

Given the importance of disaggregated conflict data to modeling conflict
processes, researchers have begun to address how conflict data are col-
lected. Conflict events data projects rely wholly or partially on media sour-
ces—with significant associated challenges related to media bias: news
media have limited resources, necessitating the strategic allocation of cover-
age. Previous research has found that media reporting of violence is posi-
tively correlated with the presence of communications technology (Croicu
and Kreutz 2017; Weidmann 2016) and regime type (Baum and Zhukov
2015), with mixed findings for press freedom (Urlacher 2009), the severity
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of violence, geographic region and urban areas (Croicu and Kreutz 2017;
Davenport and Ball 2002; Dietrich and Eck 2020).
Researchers have leveraged direct observation to understand which

events enter into the public record. For example, Weidmann (2016) uses
the US military’s ground-level data for Afghanistan, and Davenport and
Ball (2002) use data from local human rights organizations in Guatemala.
Scholars have also used advanced modeling techniques (Cook and
Weidmann 2019), such as multiple systems estimation (Lum, Price, and
Banks 2013) to address such issues.
While none of these approaches completely solves the problem of un-

reported conflict events, this research field is vital in ascertaining whether
measurement bias is introduced into analyses of conflict processes(Von
Borzyskowski and Wahman 2021; Cook et al. 2017). However, the focus of
such work is usually on fatalities—mainly because fatalities are a defining
feature of warfare.
We know that an armed conflict consists of a myriad of events, fatal and

non-fatal: e.g. rebel-“taxation”, troop movements, indoctrination, rebel gov-
ernance, etc. Given perfect information about the day-to-day activities of
conflict actors, we would expect non-violent events to be more frequent
than non-violent events by several orders of magnitude. Non-violent events,
however, when collected, represent only a fraction of the data on armed
conflict, e.g. 6% in ACLED (Raleigh 2012). In essence, this results in a
quandary: to what extent do conflict datasets over-emphasize violent events
and under-report non-violent conflict activity due to media biases and
“reporting fog”?
While there is no systematic work on how the media report on non-fatal

conflict events, research on journalistic practices in the context of other
forms of contentious politics indicates that reporters are more likely to
report violent events than other types of contentious political activity and
the more violent the event, the greater the coverage (Myers and Caniglia
2004). In the context of armed conflict, there are demand-side and supply-
side considerations to the reporting of news. On the demand side, stories
involving fatalities are considered “newsworthy”; fatalities provide the
drama and import that editors believe interests their audiences. On the
supply-side, information on fatalities is usually more visible and easier to
the source. Fatalities often make it into the public record due to their con-
sequences: victims are taken to hospitals, there are witnesses, families and
communities protest, bombs or other large-scale events leave physical
destruction which calls attention to the lethality of the event, etc. On the
other hand, unless a reporter is embedded with rebels (which is rare) they
cannot observe everyday conflict events like troop movements and camp
establishment, nor are there incentives for rebels to publicize such activity.
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Thus, we expect coverage of non-fatal conflict events to be generally of
poor quality. However, as such events are heterogeneous, we do not expect
their newsworthiness to be static across types. Instead, non-fatal events can
be conceptualized on a spectrum of coercive force used. Our intuition is
that acts which involve coercive force are more likely to be reported than
acts that do not. At the most extreme end of the coercive spectrum are acts
that violate physical integrity rights, including those resulting in bodily
harm like torture and beatings. Coercive force is also deployed to abduct
and imprison individuals; depending on the context these may be more or
less newsworthy.1 On the other end of the spectrum are more voluntary or
prosaic activities, such as recruitment, troop movements, the establishment
of bases, etc. We illustrate this spectrum in Figure 1.

Empirical Strategy

The lack of directly-observed near-ground-truth data creates problems for
estimating reporting bias. To measure reporting bias of any type, research-
ers need a point of comparison that they can be fairly confident captures
the full population of events, which is rare in the context of civil war.
When it comes to fatalities, these are sometimes available thanks to rigor-
ous investigations, for example in Kosovo (Kr€uger and Ball 2014). For non-
fatality data, though, there are fewer options. We exploit two sources of
data to gain some leverage on our inquiry. The first is an internal dataset
on mass abductions in Nepal obtained from a local NGO, Informal Service
Sector (INSEC). The second is a dataset compiled by the UNAMID’s Joint
Mission Analysis Centre (JMAC) in Sudan on rebel troop movements. We

Figure 1. An illustration of the spectrum of intensity in the use of coercive force.

1For example, we would expect reporters to deem mass abductions or the kidnapping of a prominent politician
to be newsworthy.
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select these out of practical considerations: directly observed data on non-
violent conflict events is extraordinarily difficult to find. Further, the different
types of non-violent conflict events covered by each allow us to gain some
insights into the reporting processes of events at both the non-coercive
(troop movements) and coercive (mass abductions) ends of the spectrum.

Nepal

Data

In this exercise, we compare media reports with a boots-on-the-ground data-
set obtained from INSEC covering mass abductions of civilians during the
1996–2006 armed conflict. INSEC’s definition of mass abduction is 5 or more
people abducted in a single event. During the armed conflict, INSEC had rep-
resentatives deployed in all of Nepal’s (then) 75 districts. Funded by the EU,
they were tasked with gathering individual-level data on human rights viola-
tions. Because of international support, INSEC operated largely unimpeded
by the warring parties (the government and the Communist Party of Nepal-
Maoist). This unique situation, combined with the representatives’ local net-
works, helped to mitigate the fact that information on human rights viola-
tions is typically difficult to collect in the context of armed conflict.
Since there are no data on Nepalese abductions collected from media

sources, we conducted our own data collection effort. Data was sourced
using a methodology derived from UCDP (Croicu and Sundberg 2013).
The target dataset was designed to resemble the INSEC dataset in both
form and content, i.e. an event dataset capturing spatial, temporal (day of
event), and magnitude (number of abductees) data.
Media reports were sourced from the Factiva news aggregator, using

BBC Monitoring, Xinhua, Reuters, Agence France Presse, and Associated
Press as sources and employing the kidnap� and abduct� keywords on the
head/lead of each article. 1,809 articles were sourced; and all stories con-
cerning more than 5 kidnapped persons were coded. Two coders, highly
experienced in annotating media data, were tasked with the annotation
effort. Inter-coder reliability tests performed on one-third of the data indi-
cated over 90% percent agreement on the dimensions of interest (week of
event; abductees; district). We coded the entire span that the INSEC dataset
covers—January 2002 to December 2006.

Descriptives

The INSEC dataset identifies 512 directly-observed incidents of mass
abductions—with a total number of 73,923 kidnapped individuals
reported (a mean of 144 abductees/event and a median of 30 abductees/
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event). The media-collected dataset captures 367 events (grossly, 71% of
what INSEC codes), with a total of 56,899 kidnapped individuals
counted (77% of what INSEC reports), and a slightly higher median of
40 abductees/event.
The main primary sources in the media reporting were INSEC itself–41

events have been coded based on articles containing at least one explicit
reference to INSEC–as well as “NGO sources” which do not explicitly iden-
tify the NGO, and security sector sources.

Comparing the Temporal Accuracy of Media Reporting

The temporal distribution of the two datasets is described in Figure 2, at
the weekly and monthly resolutions, which are the highest-resolution realis-
tically employable by researchers using event data (Weidmann 2015)
At a cursory look, temporal trends from INSEC reporting tend to be cor-

rectly picked up by media reporting, without significant bias. There is
some evidence of issue fatigue—the media reports fewer events of kidnap-
ping, and lower estimates, in months with high kidnapping levels.
At the weekly resolution, the picture is somewhat less clear. While major

spikes in directly observed kidnapping activity are carried forward in the
media reporting correctly, a concerning pattern emerges, most visible in
the delta plots—spikes in NGO reporting are frequently followed by spikes
in the opposite direction. A more careful look at the data and DGP
explains this anomaly—media reporting is not able to capture the date of
the abduction; and frequently, the only date available is the date of the
abducteees’ release or even the report’s filing date.2 This is confirmed on
further scrutiny: for example, in one case, a report of abductions from
Sankhuwasabha are recorded by INSEC as having taken place on 20
January 2005; the media files it on the 27 January, based on a BBC
Monitoring report translating local radio (BBC Monitoring South
Asia 2005b).

Statistical tests of correlation and time-causality
We further investigate the relationship between the media and NGO time
trends through a test for Granger-causality (Granger 1969), i.e. we test
whether the past (lagged) values of the NGO reporting time-series (X), rep-
resenting events published at an earlier date by the NGO can predict future
values of media reporting time-series. We do this through a standard
econometric setup—first fitting a restricted linear model (R) predicting

2The same problem exists with media-based datasets of violent conflict events, e.g. with both UCDP GED and
OEDA-Phoenix (Croicu and Sundberg 2013).
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current values of the time-series based on past, lagged values of the same
time-series (to address any auto-regressive component in the original time-
series):

yRt ¼ a0 þ a1yt�1 þ . . .þ apyt�p þ e

followed by another, unrestricted linear model (U) including as predictors
past values of the other time series (X):

yUt ¼ a0 þ a1yt�1 þ . . .þ apyt�p þ b1xt�1 þ . . .þ bpxt�p þ e

We then run a classical F-test comparing the R and U-models against
the null hypothesis (the residual sum of squares in U does not provide a
better fit than that in R) (Granger 1969). This setup allows the model to
eliminate any potentially spurious relationship that originates in autoregres-
sive components present in both time series. To further test that the rela-
tionship is not spurious, we also run a reverse test using the same
methodology—predicting the NGO time series with only using media data.
Table 1 shows the result of the above-described Granger-causality tests

on the two weekly time series. Both the expected direction (NGO reporting
of kidnapping events Granger-causing media reporting) and the reverse
(potentially spurious) direction are tested across multiple lagged tem-
poral structures.
The tests perform as expected, indicating media reporting is highly corre-

lated with NGO reporting, but somewhat trailing NGO reporting in time.
Thus, media sources are performing well in capturing the same ground-
truth identified by NGO boots-on-the-ground data collection strategy.
However, the same tests indicate this happens with some delay (usually one
week or less). The lack of reverse Granger-causality indicates that at least
in terms of time-dependency, the relationship is present—media reporting
is delayed from NGO reporting.

Table 1. F-scores and corresponding p-values for Granger-causality tests for 1–8weeks under
both the direct relationship and the inverse relationship.
Causal-direction NGO ! Media NGO ! Media Media ! NGO Media ! NGO
lag (weeks) F p F p

1 31.07 0.0 1.63 0.20
2 20.68 0.0 1.11 0.33
3 13.39 0.0 0.38 0.77
4 10.79 0.0 0.44 0.78
5 8.86 0.0 1.52 0.18
6 7.30 0.0 1.23 0.29
7 6.14 0.0 0.96 0.46
8 5.42 0.0 1.49 0.16
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However, there are indications correlation is not equally strong across all
events. The probability of an event being reported increases with the inten-
sity of the event, so we bin events into three categories based on intensity
levels, setting the thresholds at 10 and 100 kidnappings, aggregating them
to weekly level, and looking at the proportion of events at each intensity
level getting picked up by the media. We find that low-intensity events are
much more unlikely to be picked up than medium and high-inten-
sity events.3

We run one final statistical test to address the similarity of the two
time-series of Nepal kidnapping events, this time looking at whether the
relationship between the two-time series remains constant over the entire
data collection period or not, i.e. on whether media reporting quality
changes in time with respect to the known the directly-observed
INSEC data.
To this end, we set up a Bayesian Change Point (bcp) model (Chib

1998) on the difference between the number of NGO kidnapping reports
and the number of media-reported events. The model identifies, for each
time period, the probability of a substantial change in the series. This is
done by assuming the time-series is drawn from an unknown number M
of different Poisson models with latent variables, each model mi, i<M pro-
ducing a rate ki where i 2 ð1::MÞ—the model iteratively identifies k<M
transitions that maximize the joint probabilities of the models mk given the
observed data and a prior distribution over expected changepoints. Thus,
any identified change point indicates a probable divergence between the
way media vs. NGO reporting on kidnappings happens in a given week vs.
the previous weeks. We set up the model with completely flat, uninforma-
tive priors on all dimensions, including the expected number of
change points.
To avoid spurious change points given the sensitivity of the model, we

run a bcp model at monthly resolution. Results (pane 1 of Figure 3) point
towards two change-points with a probability of over .9. The first such
highly probable change point is estimated (with a .93–.99 probability) as
occurring around January–April 2004, when kidnappings in Nepal signifi-
cantly increase in both number and magnitude, becoming, for the first
time, a media-worthy phenomenon, and beginning to be reported in the
news-wire text. The second identified change-point is September–October
2005, in the immediate aftermath of the first unilateral ceasefire by the
Maoists. This alters the reporting—Maoists are less likely to admit or con-
firm kidnappings or other acts of violence; the international media is more
intent on using the resources allocated to reporting on Nepal to political

3Further details and exploration of time-causality are in the Supplementary Appendix.
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processes taking places at this time, a phenomenon sometimes referred to
as issue crowding (Djerf-Pierre 2012).4

To get a more substantive understanding of the changing quality of
media reporting over time, we run another bcp model—this time attempt-
ing to identify whether the quality of media reporting the number of kid-
napped individuals vs. the directly observed data varies over the same
change points. We run a bcp model on the delta between the number of
kidnapped individuals reported by the media and the INSEC directly
observed data. The model results presented graphically in pane 2 of
Figure 3 find no change point throughout the time series, i.e. media report-
ing tracks the number of kidnapped individuals with approximately the
same accuracy throughout the dataset. In more substantive terms, this test
indicates that while media focus on abductions in Nepal waxes and wanes
as different events lead to changes in focus for news agencies, leading to
different proportions of reports on kidnapping events being picked up
against direct observation, nevertheless, the media can pick up the most
important (most intense) kidnapping events with the same level of accuracy
throughout the period.

Evaluating the Spatial Accuracy of Media Reporting

The INSEC data are spatially coded to the level of the Village Development
Community (VDC)—the second smallest administrative unit employed in
Nepal at that point in time.5 Media reporting rarely resolves to VDC reso-
lutions (78% of media-coded events had no information about the VDC of
the kidnapping). Instead, most media reports either resolve to the level of
district only or unclear local features (e.g. school names).
Further, spatial reporting is uneven from a functional perspective—

reports contain either the location of the abduction, the location of captiv-
ity/release, or even the location of the reporting. Instead, the maximum
true resolution attainable with non-violent media-sourced event data is the
district. This is not surprising, as this finding is nearly identical to
Weidmann (2015)’s finding for media-based violent conflict data.
Figure 4 shows difference maps between media reporting of abductions

against the INSEC data—showing no particular distribution of reporting

4News articles in the period before the first unilateral cease-fire almost always focused on the abductions, e.g.
“Five police killed, 20 abducted, buildings torched in Nepal Maoist attack” (Agence France Presse 2005). After the
initial and subsequent ceasefires, a significant part of reporting switched focus to the implementation of the
ceasefires, with titles such as “Nepal truce committee receives 106 violation complaints during festival” (BBC
Monitoring South Asia 2005a).
5A VDC is, on average, under 50 km2.
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error across space.6 However, due to the need to aggregate to the district
level—there is simply insufficient data for a more principled spatial ana-
lysis, especially at the event level.7

Sudan: Darfur

We further investigate whether media reporting on the more strategic
behavior of armed actors, such as troop movements captures the same
amount of information as a directly observed dataset with any reason-
able precision.

Data

For data, we make use of the JMAC field information dataset covering
January 2008 to April 2009 period in the Darfur region of Sudan. The data-
set was collected from ground intelligence, in real-time, by UNAMID, and

Figure 4. A spatial comparison between media-derived events and INSEC derived events by
district in Nepal. Red indicates media over-reporting; blue indicates NGO over-reporting. The
intensity is the number of over- or under- reported events.

6Moran’s I of �0.06 for clustering over-reporting of events and 0.08 for clustering over-reporting of abductees;
both indicating no clustering, both not statistically significant.
7We conducted a matched event comparison for the two districts where media overreporting was strongest
(Achham and Doti in the Far Western region). We began by cross-validating the INSEC Excel data with its
printed Yearbooks, which allowed us to rule out the possibility of data truncation. We find two temporally-
bound patterns: that the media reports which do not have matches in INSEC in the earlier period (until mid-
2004) rely on unattributed sources. This pattern changes around mid-2004, after which the source is
consistently governmental. With representatives located in every district, it would be surprising if INSEC did not
investigate the more bombastic of these claims, e.g. when hundreds or thousands are reported abducted. That
said, there is no information as to whether INSEC investigated these claims or not but we are disinclined in
general to trust unattributed reports or warring parties’ claims.
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is described, compared, and vetted against the Armed Conflict Location
and Event Dataset (ACLED) for violent events by Duursma (2017). We fol-
low the same comparison procedure as Duursma (2017), however, focusing
on a subclass of non-violent, strategic behavior: troop movements. Such
events are explicitly identified in JMAC; for ACLED we extracted these
based on ACLED version 5.8

As such, in the given time period for which we have directly observed
data (January 2008 to 10 April 2009), JMAC identifies 147 events of troop
movement in Darfur, concerning both government and rebel forces (e.g.
JEM or SLA/MM). For the same time period, ACLED identifies 7 such
events for the whole of Sudan. These can be divided into three categories—
(1) movements by the Lord’s Resistance Army in South Sudan which is
outside the scope of JMAC data, (2) a base-establishment in Darfur by
JEM, within the scope of JMAC, and movements in Abyei, a contested
region bordering Darfur, which is partially within JMAC’s scope depending
on the troop-movement itself.

Analysis

A map illustrating the comparison is presented in Figure 5. Overall, there
is zero overlap between ACLED and JMAC data—none of the 147 events
captured by JMAC are captured by ACLED, nor are the two events that
ACLED captured that are within JMACs scope present in the directly
observed data.
This result is in line with expectations; indeed, the results of this com-

parison are stronger than expected—indicating zero overlap between media
datasets and the actual on-the-ground situation. Furthermore, the results
are strengthened when we look at the DGP for ACLED events—the original
media reporting that resulted in the ACLED event. ACLED’s base-establish-
ment event (2228SUD) is based on BBC Monitoring’s 153-word summary
of a news article from Al-Ayyam, a local newspaper (BBC Monitoring
Africa 2008). The report concerns JEM’s organization of bureaucracy in the
event of attaining some form of on-the-ground rebel governance—with the
leadership assigning governors and determining provinces on maps—and is
not indicative of a change in “on-the-ground” behavior. However, such
nuances (between on-the-ground developments and political statements)
are, of course, lost, in the complex reporting, summarization, and transla-
tion and coding process. Similar issues arise with the Abyei events–upon a

8We use ACLED v.5 as it predates the change in terms and conditions in later versions that restrict users from
“benchmarking” the dataset. All procedures employed as well as a further discussion are available in the
Supplementary Appendix, allowing users to re-run analyses.
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more in-depth investigation, these events refer to agreements to move
troops from a disputed border region(Reuters 2008). As in the previous
case, the report focuses on and was triggered by a formal, high-level pre-
implementation agreement—not by actual ground events.
Given the above, it is evident that reports on low-level (“boots-on-the-

ground”) strategic behavior of armed groups and militaries, such as
troop movements—rarely make it into international media. Further,
even when they do, they are frequently tied to high-level agreements or
statements by the leadership of such groups—events that are more news-
worthy. And even when strategic events, such as troop movements are
reported, they are presented in such an abbreviated manner that it is
very difficult, even for experienced analysts, to identify whether they are
reflecting statements of intent, agreed decisions, or the actual situation
on the ground.

Figure 5. A map showing the spatial distribution of non-violent troop deployment-related
events in Darfur according to the UN JMAC (directly observed dataset) vs. ACLED. For ACLED,
all data recorded in Sudan in the period, was plotted, to account for possible geocoding errors.
No overlapping events were identified from the two sources.
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Discussion and Conclusion

In this research note, we have begun to unpack the DGP through which
media-sourced event datasets collect data on non-violent events related to
conflict dynamics. Drawing on pioneering work by Weidmann (2015), we
have compared two media collected datasets–one on kidnappings in Nepal
and one on troop movements in Darfur–with datasets collected by on-the-
ground embedded sources.
The two cases are consistent with our intuition that the greater the use

of coercive force, the more likely a non-violent event is to be reported by
the news media, but other possible causal mechanisms could explain the
variation between cases, such as the reporting environment or aspects of
the conflict context; our data do not allow us to adjudicate between these.
In the case of Nepalese abductions, media datasets were able to generally

extract the temporal trends, and with some caveats replicate the spatial
trends on coarser (district) administrative units—essentially in line with
expectations from media-collected fatality data (Weidmann 2015), and thus
not requiring different handling to violent events. However, we do observe
hints of media bias (temporal shifts in the quality of reporting as media
fatigue sets in, reliance on biased sources and hearsay, perhaps more so
than in reports of fatal events, higher likelihood of reporting events with
higher intensities.).
In the other case–troop movements in Darfur–we find that the media-

driven data collection fails to identify even one directly observed event. In
effect, the lack of coercion, the remoteness of the event from the journalists
reporting on the case, lack of newsworthiness, and the strategic value of
keeping such information concealed could explain why none of the events
make their way into media-driven datasets.
Of course, these conclusions are based on the extremely limited empirical

material at our disposal—the findings are indicative of the process at play,
complications regarding data production and conflict contexts make the
analysis a true first cut. This limited empirical context makes it impossible
to draw any generalizable conclusions, especially given the lack of previous
research. As a consequence, we do not suggest a straightforward way of
using such non-violent event datasets, but rather several measures which
can be taken before employing non-violent conflict event data.
We recommend that researchers interested in using datasets of non-

violent conflict events conduct a quality control analysis on a case-by-
case, question-by-question basis, e.g. obtaining in-depth case knowledge
of conflict dynamics in the empirical domain under study, and establish-
ing prior expectations about how data should reflect known aspects of
conflict dynamics. For example, were we interested in examining data
on troop movements during the Nepal conflict, a familiarity with the
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Nepal case would lead to expectations of very frequent troop movements
since the conflict was characterized by constant repositioning of troops on
both sides (Eck 2018). Further, we recommend that end-users acquire a
deeper understanding of the media reporting process for the phenomena/
cases of interest. In the case of troop movements, it would be reasonable to
ask when journalists can observe troop movements and when it is news-
worthy to report them. The answers to these questions are likely to be indi-
cative of whether selection biases are impacting the data generation process.
We also recommend analysts account for the potential lag effect between

the time of actual occurrence and dataset/reporting date as key for analysts
working with this kind of data. This makes the selection of proper tem-
poral windows extremely important to avoid biases (and remove the risk of
accidental reversal of causality), especially when studying short-term corre-
lations between phenomena (e.g. regime changes, effects of mediation), and
especially in cross-national settings, where such processes may be fur-
ther obscured.
The results indicate numerous paths for future research. Researchers

should look for additional opportunities to examine non-violent reporting in
new empirical contexts to probe the generalizability of the findings and pro-
vide additional leverage on the validity of the causal mechanism. Researchers
could also examine whether reporting differences are greater for non-violent
than violent events, as well as whether the factors associated with violent
event reporting in the media also hold for non-violent events.
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