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Known unknowns: media bias in the reporting of political 
violence
Nick Dietrich a and Kristine Eck b

aOhio Wesleyan University; bUppsala University

ABSTRACT
How does sourcing affect which events are included in interna-
tional relations datasets? The increasing number of machine- 
coded datasets offers the promise of coding a larger corpus of 
documents more quickly, but existing automated processes rely 
exclusively on databases of news reports for coverage. We 
exploit source variation in the UCDP GED dataset, which 
includes events from media reports and non-media sources, to 
explore the bias introduced by including only media reports in 
international relations datasets. Unlike previous studies, our 
approach allows us to compare subnational and cross-national 
determinants of bias. We find that media sources severely 
underreport events in African countries, and coverage is also 
associated with country-level factors like international trade and 
subnational factors like access to communication technology. 
Non-media sources cover a significant number of events not 
included in media sources; their inclusion can expand coverage 
and reduce bias in datasets.

¿Cómo la causa afecta los acontecimientos que se incluyen en 
los conjuntos de datos de relaciones internacionales? La cre-
ciente cantidad de conjuntos de datos codificados por 
máquinas garantiza la codificación de un mayor corpus de 
documentos con mayor rapidez, pero los procesos automatiza-
dos existentes dependen exclusivamente de bases de datos de 
noticias para la cobertura. Utilizamos la variación de la fuente en 
el conjunto de datos de acontecimientos georreferenciados 
(Georeferenced Event Dataset, GED) del Programa de Datos 
sobre Conflictos de Uppsala (Uppsala Conflict Data Program, 
UCDP), que incluye acontecimientos de los informes de los 
medios de comunicación y fuentes que no pertenecen a los 
medios de comunicación, para analizar el sesgo que surge al 
incluir solo los informes de los medios de comunicación en los 
conjuntos de datos de relaciones internacionales. A diferencia 
de estudios anteriores, nuestro enfoque nos permite comparar 
los determinantes de sesgo a nivel subnacional y transnacional. 
Las fuentes de los medios de comunicación informan muy poco 
sobre los acontecimientos en los países africanos, y la cobertura 
también está asociada a factores nacionales, como el comercio 
internacional y factores subnacionales, como el acceso a la 
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tecnología de la comunicación. Las fuentes que no pertenecen a 
los medios de comunicación cubren un número significativo de 
acontecimientos que no se incluyen en las fuentes de los 
medios de comunicación; su inclusión puede ampliar la cober-
tura y reducir el sesgo en los conjuntos de datos.

Comment le sourçage affecte-t-il les événements inclus dans les 
jeux de données portant sur les relations internationales ? Le 
nombre croissant de jeux de données codés par machine offre 
la promesse de coder plus rapidement un plus grand corpus 
documentaire, mais les processus automatisés existants s’ap-
puient exclusivement leur couverture sur des bases de 
données de reportages d’actualité. Nous exploitons la variation 
des sources du jeu de données GED de l’UCDP, qui comprend 
des événements provenant de reportages des médias et de 
sources non médiatiques, afin d’explorer le biais introduit en 
n’incluant que les reportages des médias dans les jeux de 
données portant sur les relations internationales. 
Contrairement aux études précédentes, notre approche nous 
permet de comparer les déterminants infranationaux et trans-
nationaux du biais. Nous constatons que les sources 
médiatiques ne couvrent pas suffisamment les événements 
intervenant dans les pays africains et que cette couverture est 
également associée à des facteurs nationaux comme le 
commerce international et à des facteurs infranationaux 
comme l’accès aux technologies de communication. Les sources 
non médiatiques couvrent un nombre important d’événements 
non inclus dans les sources médiatiques, et leur inclusion peut 
élargir la couverture et réduire la partialité des jeux de données.

Introduction

Are news articles accurate sources of information about political events, and, if 
not, how can researchers improve the validity of their data? International 
relations researchers are increasingly using news articles to generate data, 
often using machines to process large quantities of information. There are 
significant advantages to this approach: machines can process the large corpus 
of news articles and can do so in near-real-time. Projects like Phoenix (Brandt 
et al. 2019) and TERRIER (Irvine et al. 2019) provide researchers with large 
samples of a wide variety of political actions. Parsing techniques make it 
possible to identify relevant actors and actions in international relations and 
create new automated data collection projects (Schrodt 2012; Solaimani et al. 
2017). These techniques hold promise for real-time forecasting, and research-
ers have made progress predicting political phenomena like international and 
regional conflict (Brandt, Freeman, and Schrodt 2011; Hegre et al. 2019) and 
irregular leadership change (Ward and Beger 2017). Validation of these auto-
mated coding systems has found that they can be just as effective as human 
coders at extracting information from news databases (Bagozzi et al. 2018; 
Best, Carpino, and Crescenzi 2013).
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Automated coding techniques gather a corpus of media reports from news 
databases, perform functions to identify actors and actions in those reports, 
and output a dataset of events. This research note addresses the first step of the 
process: gathering a corpus of articles for coding political events. The exclusive 
reliance on media reports differs from human-coded datasets like the Uppsala 
Conflict Data Program (UCDP) political violence datasets. UCDP codes from 
news reports and then supplements these news stories with reports from non- 
media sources. In the following sections, we review prior findings about bias in 
media reporting and list factors that may affect which events are reported. We 
then leverage UCDP’s coding process to analyze the set of events that is 
included only in non-media sources, offering some insight into source bias 
in media-coded event data. The advantage of our approach, unlike previous 
studies of media bias, is that we can examine both subnational and cross- 
national media bias. Our findings suggest that media bias varies significantly 
by country, with African countries particularly likely to be underrepresented 
in media sources.

The Data Generation Process

How Events Become News

The study of international relations has turned increasingly to events-based 
data; this is particularly true of the sub-field interested in organized violence. 
Major data collection projects, such as the Uppsala Conflict Data Program 
(UCDP), the Armed Conflict Location Event Data (ACLED), and the Social 
Conflict Analysis Database (SCAD), have responded to the need for spatially 
and temporally disaggregated data by releasing the component events data. 
While UCDP, ACLED, and SCAD are manually coded, projects like TERRIER 
(Irvine et al. 2019) and Phoenix (Brandt et al. 2019) have attempted to 
automate this process and code additional-directed actions like protests and 
provisions of aid. These automated processes take a large number of news 
stories directly from a news database like Lexis-Nexis, apply parsing techni-
ques (for example, Schrodt 2012), and output a dataset of directed actions.

These projects recognize that they rely on publicly available sources that 
cannot comprehensively capture all political violence. Numerous post-conflict 
truth and reconciliation efforts have illustrated the reporting challenges posed 
by conflict; some percentage of events which take place are never publicly 
reported, and only careful field research – oftentimes of a forensic nature – can 
address this gap. What becomes news (Galtung and Ruge 1965) is a known 
unknown in this sense: we can be confident that not all conflict events are 
made public, but we cannot know what percentage is reported, nor do we 
know the processes which determine whether an event becomes public. As 
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a consequence, no media-based event dataset on armed conflict captures the 
true population of conflict events.

News media reports provide an indispensable, but incomplete, resource for 
identifying and documenting conflict since they provide the only viable basis 
for annual, global coverage. Media sources, however, cannot provide 
a complete accounting of political violence. International news sources may 
miss events because they lack coverage of certain areas, while local news might 
not achieve widespread circulation or may be subject to censorship or violence 
that interferes with reporting. Even in combination, local and international 
sources of news cannot provide a complete picture because they have limited 
resources and therefore make strategic decisions about allocation of coverage.

Take, for example, the Djugu region of DRC. Violence broke out at the end 
of 2017 and continued into 2018. Data from UCDP indicate that news media 
reported on 13 unique events which contained information about 134 deaths, 
while additional non-media sources reported on 118 events which involved 
698 deaths. In this case, non-media sources were essential for gaining a more 
complete picture of the violence that occurred. In other cases, non-media 
sources provide little, if any, new information. What conditions explain when 
media coverage of political violence is more or less complete?

Researchers have reduced underreporting bias by using information from 
multiple media sources (Bagozzi et al. 2018) or using machine coding to 
expand the corpus of source articles for historical data (Althaus et al. 2019). 
These approaches do not, however, correct for systematic bias in which events 
are likely to be underreported in the first place. Previous research has found 
that media reporting of violence is positively correlated with the presence of 
communications technology (Croicu and Kreutz 2017; Weidmann 2016) and 
regime type (Baum and Zhukov 2015), while findings for press freedom 
(Drakos and Gofas 2006; Urlacher 2009), severity of violence (Croicu and 
Kreutz 2017; Davenport and Ball 2002; Price and Ball 2014) and urban areas 
(Croicu and Kreutz 2017; Davenport and Ball 2002) are mixed. Media report-
ing also varies by country: African countries are often excluded from interna-
tional relations research because of cross-national differences in information 
availability (Lemke 2003, 120–124).1

Media sources share journalistic norms and profit incentives when deciding 
what to cover. Non-media sources, however, work under a different incentive 
structure that is unlikely to be driven by either journalistic norms or an event’s 
journalistic market value. Non-media sources constitute an eclectic mix of 
governments, international or regional organizations, and local organizations, 
all of which operate with different mandates and agendas. Davenport and Ball 
(2002) conduct one of the few studies on the data generation process of non- 

1Multiple systems estimation offers an alternative to media-based reporting (Lum, Price, and Banks 2013) but is only 
feasible for limited empirical domains (i.e. country or subnational levels). It is therefore not an option for 
researchers interested in large cross-national analyses.
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media sources, finding that human rights organizations and victim interviews 
differed from newspapers in their coverage of violence in Guatemala. A subset 
of these sources are human rights organizations that operate with an agenda to 
change state behavior via “naming and shaming” (Davis, Murdie, and 
Steinmetz 2012; Hafner-Burton 2008). These organizations cover events that 
are not covered in media sources, often strategically selecting underreported 
events to fill in gaps in media coverage.

Measuring Bias

Scholars have sought to gain empirical leverage over the study of conflict 
reporting bias in three ways. First, they have regressed the volume or nature of 
media coverage in a country with various attributes of that country (Baum and 
Zhukov 2015; Drakos and Gofas 2006; Urlacher 2009). This approach is 
similar to subnational research on social movements and media reporting 
that regresses the coverage by a certain news outlet with attributes of that 
outlet or the event (c.f. Davenport 2009); Oliver and Myers 1999).

Second, scholars have compared media coverage in a narrowly defined time 
and place (usually a single country) with another non-media source. These 
studies assume that the other source provides ‘ground truth’ data which can be 
used as a reference point for analyzing which events are not covered by the 
media. This is the current state of the art; prominent examples include 
Weidmann (2016), who uses US military’s Significant Activities (SIGACTS) 
data for Afghanistan and Davenport and Ball (2002), who use data generated 
by local human rights organizations and witness testimony in Guatemala.

Finally, a third approach exploits information gathered in the coding 
process to speak to the issue of data generation. We are aware of only one 
study which takes this tack: Croicu and Kreutz (2017) use the UCDP’s preci-
sion codes for the date of an event to proxy the quality of media-reported 
conflict data. Their assumption is that more detail provided by the source 
implies more information about an event and therefore better data.

Our empirical strategy adapts elements of the second and third approaches: 
we leverage information contained in non-media sources to inform us about 
media reporting. We do so using coding source information made public by 
the UCDP Georeferenced Event Dataset (GED) dataset (Sundberg and 
Melander 2013). The novelty of this approach is that it facilitates cross- 
national analysis. Most similar efforts (e.g. Davenport and Ball 2002; Loyle, 
Sullivan, and Davenport 2014; Weidmann 2016) use rich data from a single 
country. This approach is internally valid, but it is unclear the extent to which 
results from settings like Afghanistan or Guatemala travel to other contexts. 
Moreover, single-country analysis precludes modeling factors which vary at 
the national level, such as regime type or trade, and which may factor into 
calculations concerning journalistic coverage. Because we use global geocoded 
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events data in our analysis, we are able to include both national and subna-
tional predictors.

Empirical Strategy

The departure point for our analysis is to exploit one of UCDP’s coding 
practices to provide us with information. Since it streamlined its coding 
practices (beginning with 2013 data), the UCDP has consistently begun 
its annual coding with media sources.2 Searches are done using the 
Factiva database to generate a body of news reports for coding; this 
process has been described extensively elsewhere (Eck and Hultman 
2007; Sundberg, Eck, and Kreutz 2012; Sundberg and Melander 2013; 
UCDP 2018). Note that these news sources include both international 
news bureaus (like Reuters, Agence France Presse, or Xinhua) and local 
sources (many of which are translated from local languages and repro-
duced by the BBC Monitoring service).3

Coders determine whether an article contains an event which meets its criteria 
or whether it is unclear and warrants additional searches in both media and non- 
media sources. Thereafter, the UCDP turns to non-media sources which it has 
identified as high-value. Some sources are checked systematically every year – 
such as International Crisis Group, Amnesty International, and Human Rights 
Watch – while other reports are located using keyword searches. If an event is 
identified in a non-media outlet which has already been coded from a media 
source, then it is the media source attributed in the UCDP GED data. About 20% 
of events in UCDP GED are coded using non-media sources.

Because of UCDP’s coding procedures, we can be sure that events which are 
attributed to non-media sources were not covered by the media in the news 
report corpus downloaded from Factiva.4 We exploit this variation in order to 
provide us with information about events which did not receive media attention.

An important caveat is in order. The non-media source data do not con-
stitute population data.5 Non-media sources must also make strategic deci-
sions on how to allocate resources, decisions which are shaped by their 
mandates.

2This is true with two exceptions: India and Syria. UCDP has determined that the non-media sources used in 
coding those countries — the South Asian Terrorism Portal and the Syrian Observatory for Human Rights, 
respectively — surpass media coverage in their detail and scope and therefore code these non-media 
sources first. These two countries are dropped from our analysis.

3We address the issue of source language in the online appendix.
4We are unable to make the opposite conclusion; events with only media sources may or may not also be reported in 

non-media sources. If an event has already been coded with a media source, no further action is taken if the same 
event is found in a non-media source.

5This problem is not unique to our data; previous research has also struggled with using non-media sources as 
a benchmark because they do not constitute true population data. Davenport and Ball (2002) is one of the few 
sources to acknowledge that coverage of conflict events by non-media sources is nonrandom. SIGACTS, for 
instance, includes events declassified by the U.S. Department of Defense, but not all events are equally likely to 
be declassified; it would be reasonable to expect that covert actions and special operations are likely to be classified 
at a higher level.
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The premise of our analysis is not that we are able to provide a comprehensive 
analysis of media reporting compared to an ideal ‘ground truth.’ We instead 
compare the media-only sample of events against the expanded sample that 
includes non-media sources. We cannot infer that the expanded sample is the 
population of all events, but we are certain that the expanded sample is more 
complete than the media-only sample because the media-only sample is a proper 
subset of the expanded sample. Events that are included in the expanded sample 
but not the media-only sample – that is, events that were only reported by non- 
media sources – provide information about the kinds of events that media 
sources are likely to miss. Our results indicate associations between independent 
variables and the probability of exclusion from media sources.

This design still leaves the possibility that there are events reported in no 
source, but is capable of identifying systematic differences in events that were 
covered by media sources versus other kinds of documentation. The value of 
this approach is twofold. First, it is useful from a data collection perspective to 
know how the choice of source information affects the violence events that are 
collected. Data projects that rely exclusively on news sources may be system-
atically missing events which have been reported elsewhere. Second, this 
approach provides some substantive insight into news reporting on political 
violence. For example, this approach can indicate whether bias is primarily 
associated with differences between individual events or broader differences in 
the media landscape between countries.

Data

We analyze events from the UCDP GED (Croicu and Sundberg 2017; 
Sundberg and Melander 2013). We use only events from 2013 to 2016 because 
of changes in UCDP coding procedure instituted in 2014 (which began with 
the coding of the 2013 events).6 We use this subset because source information 
for this period is streamlined and reliably reported in a consistent format and 
because we want to ensure that the process used to collect all events was the 
same. We cannot be certain that events collected before 2013 used the same 
systematic coding procedure.

We analyze GED event sourcing using random forests.7 We chose this 
method because it is capable of using information from a large number of 
covariates, which is particularly important for the large number of logistical, 
political, and economic factors that can affect media’s ability to report on 
events. Random forests focus on bivariate prediction, which means that we 

6This is a sample of 25,180 events.
7Some readers may prefer a less complicated method. Although we believe that random forests are appropriate, we 

validate the findings of the random forests with a logistic regression in the online appendix. The results show 
significant differences at the 95% level for 32 of the 40 variables we tested and affirm the primary findings of the 
random forests.
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need not have a fully specified model of the data generating process in order to 
correctly estimate relationships between the independent and dependent 
variables. This is critical for our analysis because political violence reporting 
is complicated and we are not confident that we can create a theoretically 
derived model for every aspect of the process. This technique has been used in 
other political violence applications to compare the correlates of repression 
(Hill and Jones 2014).

Random forests are predictive learning algorithms that aggregate classifica-
tion trees to rank the predictive importance of covariates. Classification trees 
are created by randomly selecting variables at each node and choosing the 
variable split that best partitions the data. Random forests use a large number 
of classification trees to determine the aggregate classification importance of 
the predictors (see Breiman 2001; Hastie, Tibshirani, and Friedman 2009, 
587–603). Random forests have a number of desirable properties: they are 
resistant to overfitting (Breiman 2001, 7), are capable of reliably measuring 
predictive importance even when covariates differ in scale (Strobl et al. 2007) 
or contain missing values (Hapfelmeier et al. 2014), and the substantive 
associations of individual variables can be evaluated using partial dependence 
plots (Jones and Linder 2016).

The overall importance of variables is determined by randomly allocating 
observations at nodes of the variable of interest and comparing the reduction 
in classification accuracy. We construct the forests using conditional inference 
trees to avoid bias introduced by covariates of different scales, as described by 
Strobl et al. (2007). This is necessary because international relations data vary 
dramatically in scale, including continuous variables (like GDP per capita), 
binary indicators (like whether violence targeted civilians), and count variables 
(like the number of fatalities in a given event).

Outcomes
The dependent variable for our analysis is the sourcing of GED events, 
specifically, whether a given event is attributed to a media source. Our random 
forests classify events as either having or not having a media source. We 
compare the covariates using permutation importance measures to identify 
the relative strength of predictors. We use a variable importance measure that 
accounts for missing data as described by Hapfelmeier et al. (2014).8

8We use this measure instead of the Strobl et al. (2008) conditional variable importance score for two reasons. First, 
patterns of missing data are a known problem in international relations (Lemke 2003, 120) and many of our 
covariates have a significant number of missing values. These missing values are unlikely to be missing completely 
at random, making complete case analysis inappropriate. Even if values were missing at random conditional on the 
other covariates, the Hapfelmeier scores would be more accurate than scores obtained from imputation because 
they account for the prevalence of missing data (Hapfelmeier et al. 2014, 21). Second, we prefer the Hapfelmeier 
et al. scores because our analysis is intended to be descriptive. Our goal is to inform practitioners about events 
most associated with media bias. Conditioning on other variables would change the interpretation of these scores 
and likely result in misspecification because we do not have a theoretically-derived model of the causal process.
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The overall importance of variables is determined by making the variable of 
interest uninformative and measuring the reduction in classification accuracy. 
We construct the forests using conditional inference trees to avoid bias 
introduced by covariates of different scales, as described by Strobl et al. 
(2007). We also use partial dependence plots to visualize the substantive 
associations between covariates and media source classification (Jones and 
Linder 2016).

Predictors
We include a variety of predictors that previous research and common sense 
suggest may have the potential to influence media reporting on events. These 
are predictors that affect either (1) the logical difficulty of reporting 
a particular event (for example, location or censorship) or (2) the level of 
media interest in the event (for example, the type of violence or the country’s 
international trade).

First, we use several event-level predictors from the UCDP GED dataset 
(Sundberg and Melander 2013). We include estimated fatalities, type of vio-
lence (whether the event is a state-based event, non-state event, or one-sided 
violence event),9 the year that the event took place, and the region of the world 
where the event occurred.

We incorporate a number of event-level variables from the PRIO-GRID 
subnational dataset (Tollefsen, Strand, and Buhaug 2012), including distance 
to the capital, distance to the nearest international border, mountainous terrain, 
infant mortality, subnational population, subnational economic output, and the 
number of excluded groups.

We also include access to communication technology using the geolocated 
position of IP addresses (see Croicu and Kreutz 2017), calculating the distance 
to nearest IP6 node for each event in our analysis using the GeoLite2 IP address 
database (Maxmind 2018). The distance to IP nodes, while approximate, is 
a good proxy for access to communication technology at a given location.

We also use several national-level indicators, including economic indicators 
from the (World Bank Development Indicators 2015). We include interna-
tional trade as a percentage of GDP to capture the level of involvement of 
a state in the international system. This may be important for international 
demand for news about a country, and can also serve as an indicator of the 
country’s openness to international reporters. We also include GDP per capita 
as an indicator of a country’s economic performance, which may affect local 
media markets and incentives to produce news about political violence events.

National-level conflict indicators are included based on the UCDP-PRIO 
Armed Conflict Dataset (Gleditsch et al. 2002; Pettersson and Eck 2018). We 
include variables for international conflict, civil conflict, and internationalized 

9For information on these categories, see http://pcr.uu.se/research/ucdp/definitions/
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civil conflict. These variables are counts of the number of such conflicts 
ongoing in a given country-year. Ongoing conflict may affect journalists’ 
ability to access information safely. It may also affect the newsworthiness of 
information about political violence, either by making violence routine or by 
affecting demand for news about a country.

We include a number of relevant media indicators from the V-Dem Project 
(Coppedge et al. 2018). These include media censorship, internet censorship, 
media diversity, self-censorship, media bias, internet access, media criticism, 
media corruption, and journalist harassment. Each of these variables is mea-
sured as a latent variable according to the V-Dem aggregation methodology. 
For comparison, we also include the Freedom House media freedom measure 
(Freedom House 2017). Conditions for media operations in a country have the 
potential to affect the ease of accessing information and the cost of reporting 
for journalists.

Governance variables from the Polity project (Marshall, Gurr, and 
Jaggers 2016) are also incorporated. These are components of the fre-
quently used democracy and autocracy indices and measure several facets 
of a country’s domestic political institutions. We include the competitive-
ness of participation, regulated participation, competitiveness of executive 
recruitment, regulations for executive recruitment, and constraints on the 
executive. In addition to the components of the polity index, we include the 
aggregate polity score frequently used in international relations research as 
an indicator of democracy. We also include an additional country-level 
indicator for legal right to information (Global Right to Information Rating 
2018). The right to information captures de jure right to request informa-
tion from the government, and does not highly correlate with other domes-
tic political institutions.

Results

Figure 1 shows the variable importance scores for the predictors described in 
the previous section. Variable importance permutation scores indicate the 
change in the predictive accuracy of the random forests when the variable of 
interest cannot be used to classify the outcome. While these scores do not have 
intuitive interpretations in an absolute sense, they can be interpreted relative 
to one another: a higher variable importance score indicates that the variable is 
more important for predicting the outcome.

The variable importance scores in Figure 1 demonstrate that location is an 
important predictor of differences in reporting. In particular, whether an event 
took place in Africa is the most informative factor for whether that event was 
reported in media sources. Other regional variables are of moderately high 
importance. The distance from an internet node is another informative 

1052 N. DIETRICH AND K. ECK



predictor of differential reporting on an event, corroborating previous findings 
that the availability of communication technology influences the ability to 
report on events (Weidmann 2016).

Beyond the location of events, political context is associated with media 
reporting. International trade is a strong predictor of media reporting, as is the 
level of participation in the political system. These variables capture both 
international and domestic aspects of politics that have the potential to affect 
reporting.

A final category of important predictors contains media-specific variables. 
Several media freedom indicators, including V-dem’s media censorship and 
media corruption and Freedom House’s media freedom index, are associated 
with media reporting. Whether an event is a one-sided violence event is also 
informative for media coverage.

Figure 1. Media source variable importance (Random forest of GED events, 2013–2016).
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In order to visualize the substantive relationships between the predictors 
and media sourcing, we use partial dependence plots. Partial dependence plots 
indicate the predicted probability that an event has a media source for values 
of the predictor. Partial dependence plots, unlike classical regression methods, 
are capable of detecting nonlinear relationships. Note that because upward of 
80% of cases in the GED have a media source, the predicted probability will 
generally be centered at upwards of 80%.

The partial dependence plots for the regional variables are shown in Figure 2. 
These results demonstrate that events occurring in Africa are less likely to be 
reported in media sources compared to non-media sources in our sample. These 
results comport with existing research demonstrating that data from Africa are 
more likely to be missing and likely to be of lesser quality when not missing 
(Lemke 2003, 120–124). A problem with reporting on Africa relates to the 
overall lack of coverage; with relatively few media stories filed in Africa, 
UCDP is left with too little and often too imprecise information to include 
events without additional details gleaned from non-media sources. In the online 
appendix, we discuss this problem in greater detail and illustrate the lack of news 
coverage in African conflict countries compared to other conflict regions. We 
also provide a number of examples of the different kinds of texts coders 
encounter across media and non-media sources.

Given that the most important variables in our analysis are country- or 
region-level variables, we show the proportion of media-reported events by 
country in Figure 3. This figure shows the proportion of events with a media 
source for every country with more than 100 events between 2013 and 2016 

Figure 2. Media source partial dependence (Random forest of GED events, 2013–2016).
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in our sample. The list of countries with the most non-media reported events 
validates the algorithm’s reliance on region. Most of the countries with 
a small proportion of media-reported events are on the African continent, 
with the notable exceptions of Mexico and Myanmar. That the majority of 
events in some conflicts were never reported in media sources underscores 
the importance of non-media sources for building a complete picture of 
conflict events.

Figure 4 shows the effects of international trade, distance from an internet 
node, and polity. Although some of polity’s component indicators have 
relatively high variable importance scores, polity itself is a largely uninfor-
mative measure when it comes to reporting biases. States with very low 
international trade are less likely to be covered in the media sample com-
pared to the non-media sample, but the relationship plateaus once 
a particular threshold is reached. Finally, events that are close to an internet 
node are more likely to be reported in media sources compared to non- 
media sources in our sample.

Figure 5 shows the effects of media-specific variables and one-sided violence 
events on media reporting. One-sided violence events are less likely to be 
reported by media sources in our sample, probably because these events are 
more difficult to observe and are more likely to draw investigations by NGOs 

Figure 3. Proportion of media-sourced events by country, 2013–2016.
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or international organizations. Media censorship, according to both the 
V-dem and Freedom House scores, is associated with a lower chance of 
media reporting on events. A higher score on the Freedom House measure 
indicates less media freedom while a higher score on the V-dem measure 
indicates more media freedom. In V-dem’s media corruption score, a higher 
score indicates less corruption. Surprisingly, more corrupt media are asso-
ciated with a higher chance of media reporting. This is likely because media 
corruption implies that there is a functioning media in the country that 
operates with government support and has the resources to report on events. 
Although our analysis examines only whether events are reported at all, media 
characteristics could lead to differences in accuracy or tone of coverage.

Figure 5. Media source partial dependence (Random forest of GED events, 2013–2016).

Figure 4. Media source partial dependence (Random forest of GED events, 2013–2016).
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Concluding Discussion

What do these results tell us about reporting of political violence events? First, 
media coverage of events varies with location. Coverage of violence events is 
especially poor in Africa compared to other regions. Subnationally, the proximity 
to communication technology is highly associated with media coverage of political 
violence events. These results make clear that media coverage is not uniform 
across space, but highly dependent on demand for and access to information. 
Previous studies of media bias have drawn similar conclusions within conflicts 
(Croicu and Kreutz 2017; Weidmann 2015), but our results suggest that future 
work should pay more attention to cross-national differences in reporting quality.

Our findings cannot speak to the broader question of how many conflict events 
go completely undocumented and are therefore missing from conflict datasets 
(Price and Ball 2014), and as a result the full extent of the measurement error is not 
quantifiable (Gohdes and Price 2013).10 But they do suggest that relying exclu-
sively on media reports excludes information correlated with politically important 
factors, and is especially likely to exclude information in African countries.

Although researchers are working on statistically modeling the reporting 
process (Cook et al. 2017), there is currently no single-shot scientific solution 
to correct for different sources of reporting bias. One promising approach is 
exploiting differences in individual reports (Cook and Weidmann 2019); our 
results suggest that using reports from different sources could be useful for 
these bias-correction approaches. We find that the majority of events in some 
conflicts were reported only in non-media sources, meaning that these sources 
can fill in some of the gaps in media coverage.

As machine-coded data become more common in International Relations, 
it is possible to code from a larger set of sources in a reasonable timeframe. 
Increasing the number of sources has the potential to reduce bias in the 
resulting data, but only if researchers adapt these approaches to include non- 
media sources. The tools for analyzing text describing political events already 
exist; now researchers need only expand the corpus used as input for these 
approaches beyond the standard news database APIs. Including non-media 
sources in international relations datasets will reduce bias, yield more new 
events per source, and result in a more complete and accurate picture of 
political phenomena than using media sources alone.
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