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Abstract

Comparative studies of news coverage are challenging to con-
duct because methods to identify news articles about the same
event in different languages require expertise that is difficult
to scale. We introduce an Al-powered method for identifying
news articles based on an event fingerprint, which is a min-
imal set of metadata required to identify critical events. Our
event coverage identification method, FINGERPRINT TO AR-
TICLE MATCHING FOR EVENTS (FAME), efficiently identi-
fies news articles about critical world events, specifically ter-
rorist attacks and several types of natural disasters. FAME
does not require training data and is able to automatically
and efficiently identify news articles that discuss an event
given its fingerprint: time, location, and class (such as storm
or flood). The method achieves state-of-the-art performance
and scales to massive databases of tens of millions of news
articles and hundreds of events happening globally. We use
FAME to identify 27,441 articles that cover 470 natural dis-
aster and terrorist attack events that happened in 2020. To
this end, we use a massive database of news articles in three
languages from MediaCloud, and three widely used, expert-
curated databases of critical events: EM-DAT, USGS, and
GTD. Our case study reveals patterns consistent with prior lit-
erature: coverage of disasters and terrorist attacks correlates
to death counts, to the GDP of a country where the event
occurs, and to trade volume between the reporting country
and the country where the event occurred. We share our NLP
annotations and cross-country media attention data to sup-
port the efforts of researchers and media monitoring organi-
zations.

1 Introduction

News organizations help shape the public’s perception of
disasters and terrorist attacks by choosing how, and how
much, to discuss them. The coverage an event receives in-
fluences what events the public concerns itself with, a phe-
nomenon called “agenda setting”.

Previous research suggests that coverage biases — in-
creased coverage of certain events based on the political or
economic characteristics of the location in which they tran-
spired — have significant effects on media attention toward
natural disasters (Eisensee and Stromberg 2007), civil war
(Baum and Zhukov 2015), terrorism (L. Hellmueller and
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Figure 1: Our event linking method maps events in a knowl-
edge base to articles that discuss corresponding events, at the
granularity of their event fingerprints (EventClass (c), Coun-
tryLocation (1), Date (¢)). The figure shows the real distribu-
tion over time of articles corresponding to event fingerprints
(STORM, Fu1, 2020/01/17) and (EARTHQUAKE, INDONE-
SIA, 2020/01/18) (purple and red, respectively).

Lindner 2022), international political violence (Dietrich and
Eck 2020), etc.—for example, a disaster in Africa may re-
quire a death toll 40 times higher than one in Eastern Europe
to receive equivalent US television news coverage, and such
skews in media attention even affect the amount of provided
humanitarian aid (Eisensee and Stromberg 2007).

Comprehensive investigation of biases in global news
coverage is challenging in part because it requires efficient,
accurate identification of news articles about the same events
in different languages. Manual article labeling, prevalent in
social science research, is costly and difficult to accomplish
on a large scale, limiting the size of corpora that can be
studied (Krippendorff 2019; Grimmer, Roberts, and Stew-
art 2022). On the other hand, automated natural language
processing (NLP) methods for cross-document event analy-
sis often require vast amounts of labeled data for training,
which is costly (Eirew, Caciularu, and Dagan 2022; Eirew,
Cattan, and Dagan 2021), or they have task specifications
incompatible with ours — for example, operating only on



single sentences (Huang et al. 2018; Zhang et al. 2022).

In this paper, we introduce a novel task of linking events
from an event database with news articles. Then, we con-
tribute a novel method, FAME, which efficiently identifies
full articles about specific events across different languages.
This method leverages a minimal set of information from a
database about an event—date, country location, and event
class—as a fingerprint and accurately identifies relevant ar-
ticles without requiring training data (Fingerprint to Article
Matching for Events). Our multilingual approach includes
two steps: matching on keywords and publication date to
assemble candidate articles per event, followed by a more
refined semantic filter using large language model question-
answering (LLM QA) to eliminate false positives.

We rigorously evaluate FAME’s precision and recall for
linking news articles in three languages against events of
eight classes (terrorist attacks, and seven types of natural
disasters) from three different databases. Unlike conven-
tional NLP techniques that rely on large training datasets,
our method achieves superior performance, with average F1
of 94.0 on linking events of the eight classes to English
articles, without any training data by using GPT-3.5-turbo
(Ouyang et al. 2022). We collect manual annotations across
dozens of events, and thousands of articles, finding a signif-
icant variation in performance between events. We release
data of 6,468 annotated event-news pairs to support the de-
velopment of future event-to-news linking methods.? To fa-
cilitate replication of this study we release its code.*

In a pilot study applying FAME to a massive corpus of
tens of millions of multilingual news articles, we identified
news in English, Spanish, and French about 470 disaster
and terrorist attack events happening globally in the first six
months of 2020. Through regression analysis, we quantify
the role of various country-level factors for media coverage
of disasters and terrorist attacks, spanning events in over a
hundred countries. We find that the number of deaths as-
sociated with an event and the economic characteristics of
the affected countries correlate most strongly with media
coverage, consistent with previous literature (Eisensee and
Stromberg 2007; Chen et al. 2024), underscoring the validity
of this methodological approach. In comparison to existing
media studies, our research examines patterns in news cov-
erage of a large number of critical events across 128 coun-
tries, while adding nuance to existing knowledge of biases in
news coverage. For instance, our findings suggest that GDP,
rather than geography, explains decreased news coverage of
disasters in Africa. We anticipate future studies to build upon
these results by applying FAME to datasets spanning much
longer time periods.

2 Related Work

Extracting articles discussing events. Here, we describe
the different approaches to event extraction that have been
developed in the areas of NLP and social sciences.

On the one hand, many information extraction methods
from the NLP literature can enable event extraction, but

3https://zenodo.org/records/14667152
*https://github.com/social-info-lab/disaster_event_analysis
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most face significant challenges when deployed at scale.
High performing methods for event extraction require large
amounts of training data (Wadden et al. 2019; Chen et al.
2020; Du and Cardie 2020; Liu et al. 2020; Li et al. 2020;
Lin et al. 2020; Li, Ji, and Han 2021; Ahmad, Peng, and
Chang 2021; Lu et al. 2021), and existing zero-shot meth-
ods tend to perform poorly and lack robustness (Huang et al.
2018; Zhang, Wang, and Roth 2021; Lyu et al. 2021; Zhang
et al. 2022; Cai and O’Connor 2024). Further, most exist-
ing methods aim to extract events from individual sentences,
while real-world applications require extractions from para-
graphs or full documents.

A relatively small NLP literature has examined extracting
events as they are discussed across many documents, which
is necessary for media attention analysis. One related task is
cross-document event coreference, which involves cluster-
ing mentions of the same event across a set of documents.
In comparison to our approach, it effectively builds an event
database from the corpus. However, performance is typically
poor and most methods cannot scale to large datasets (Eirew,
Cattan, and Dagan 2021); indeed, many earlier methods are
trained and evaluated on extremely small datasets, e.g. 502
articles in the study of Cybulska and Vossen (Chen et al.
2023; Cattan et al. 2021; Barhom et al. 2019; Caciularu et al.
2021; Choubey and Huang 2017; Held, Iter, and Jurafsky
2021; Hsu and Horwood 2022; Allaway, Wang, and Balles-
teros 2021). While some newer datasets are larger, they are
still orders of magnitude smaller than our article repository
(Eirew, Cattan, and Dagan 2021; Eirew, Caciularu, and Da-
gan 2022).

On the other hand, when social science researchers seek
to analyze news bias, they typically use much simpler man-
ual or heuristic methods to identify news articles discussing
key events (Eisensee and Stromberg 2007; Mac Carron and
Kenna 2013; L. Hellmueller and Lindner 2022; Dietrich and
Eck 2020; Baum and Zhukov 2015), which is time consum-
ing and hard to scale. Further, we find that previously used
heuristic keyword matching approaches, when adapted to
our task, are prone to significant error.

As the field of computational social science advances
(Zuckerman 2003; Kwak and An 2014; Hamborg, Donnay,
and Gipp 2019), new methods are being used to analyze
large datasets, offering a more comprehensive view of in-
ternational news coverage. Such studies promise to deepen
our understanding of the mechanisms behind news selection
and dissemination globally. To this end, here we develop
and evaluate a novel method for event identification, FAME,
bridging the NLP and social science approaches.

Agenda setting and news about disasters and terror-
ism. The media plays a crucial agenda-setting role in re-
porting disasters and terrorist attacks. News organizations
act as gatekeepers, deciding which events gain public at-
tention, thereby shaping the “agenda” of public concerns.
(Shoemaker and Vos 2009; McCombs and Shaw 1972; Mc-
Combs and Valenzuela 2021).

Research highlights several factors influencing the news-
worthiness of disasters and terrorist attacks. While death
tolls are important predictors, proximity—cultural, geo-
graphic, and economic—also plays a key role in determin-
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Figure 2: Examples of two articles from our dataset analyzed as candidates to link to specific event fingerprint (STORM,
INDIA, 2020/05/20). For Phase One, matched keywords are underlined: from Kgrorm = {storm, hailstorm, cyclone, snowstorm,

typhoon, windstorm, rainstorm...} + suffixes; and Kypja = {India, Indian, West Bengal, Uttar Pradesh, Tamil Nadu, Sikkim,
Rajasthan, Kolkata, Odisha...} + suffixes. LLM QA prompt: Does the text discuss a recent storm in India?

ing media attention (Wu 2007; Greer 2003). Cultural affin-
ity, geographic closeness, and economic ties have all been
shown to influence coverage (Adams 1986; Berlemann and
Thomas 2019; Joye 2010). While these findings are robust,
most studies examine US media outlets, with limited re-
search on non-American sources.

Terrorism reporting has unique dynamics, as terrorism
inherently aims to attract media attention. Cultural factors
significantly affect agenda, as seen in US media’s dispro-
portionate focus on Muslim perpetrators (Kearns, Betus,
and Lemieux 2019). Comparative studies reveal differences
in news selection criteria; for example, Chinese media are
more selective in covering terrorist attacks compared to US
outlets (Zhang, Shoemaker, and Wang 2013).

Most related work. In this study, we focus on concep-
tual replication and broadening of Eisensee and Strémberg
(2007)’s seminal analysis of US television news attention
toward global disasters. This study shows that a disaster in
Africa requires significantly higher death tolls to gain equiv-
alent coverage to one in Eastern Europe in US media. We
extend this research to a much larger and multilingual cor-
pus, analyze the news coverage in the US and outside of
it, and study both coverage of disasters and terrorist attack
events to illustrate our method’s flexibility. Finally, we pro-
vide the first evaluation of Eisensee and Stromberg (2007)’s
keyword-based article matching method, finding significant
errors, motivating the development of an alternative.

3 Linking News Articles to Event Records

In this section, we first introduce the fundamental task of
identifying news discussing a particular event, using event
metadata from databases of event records. Given the large
datasets of event records and articles that we aim to link,
a methodology that can solve this fundamental task should
scale to hundreds of millions of news articles across different
languages and thousands of events that naturally happen in
our world.
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3.1 General Problem Statement

Event information exists in an event database, £, whose
records contain metadata about each event—in particular,
what it is, and where and when it happened. We formulate
an event’s metadata as a fingerprint, e € £. Given event fin-
gerprints, and a large corpus of time-stamped news articles,
D, the fundamental task of any event coverage analysis is
to identify news articles that describe each of the events—
that is, for every e € &, to retrieve the set of documents,
D. C D, that discuss an event specified by fingerprint e,
for any e € £. Figure 1 shows an example of the input and
desired output for this task.

We next describe the news document dataset (D) and
event databases (£) that we focus on in this study.

3.2 Large Dataset of News Articles

As alarge corpus of news articles, D, we use data from Me-
dia Cloud, a platform that collects articles from news feeds
of 1.1 million distinct media outlets since 2008 (Roberts
et al. 2021). The platform maintains a list of news out-
lets organized by country®, which has been carefully cu-
rated over years by international media scholars to cover
important news outlets (Roberts et al. 2021). In this study,
we exclude any URLs from popular social media platforms
(such as twitter.com, facebook.com, reddit.com). We col-
lected metadata and full text of all, ~42 million, news ar-
ticles published from January 1, 2020 to June 30, 2020 in
three languages (Chen et al. 2022, 2024): English (31M ar-
ticles), Spanish (8.2M), and French (3.2M). We chose these
languages because they are among the top 6 languages with
most speakers worldwide (Eberhard, Simons, and Fennig
2021) and our team includes members proficient in these
languages, which facilitated data exploration.

Shttps://sources.mediacloud.org/#/collections/country-and-
state



Passing Phase 1

Passing Phase 2

over events

over events

Lang.  Total Total Median Max  Total Median Max
EN 31M 82268 89 6082 18658 13 2405
ES 82M 61460 63 2771 7506 1.5 1000
FR 32M 8571 8 427 1277 0 167

Table 1: For each language’s subcorpus: the total number of initial articles, and how many pass each phase of FAME’s pipeline;
and the median and maximum number of articles matched per event.

3.3 Databases of Event Records

We aim to identify news articles about critical events based
on event records from databases, &, of disasters (EM-DAT,
USGS) and terrorist attacks (GTD). EM-DAT® is a com-
prehensive database storing details about natural disasters,
compiled from UN agencies, research institutes, and press
agencies, among others. We focus on natural disasters that
include hydrological, geophysical, and meteorological dis-
asters. The United States Geological Survey’ (USGS) is a
database storing details about earthquakes of magnitude 4.5
or higher throughout the world as part of the National Earth-
quake Hazards Reduction Program (NEHRP). The Global
Terrorism Database® (GTD) is a comprehensive and open-
source database that contains information about a variety of
terrorist incident events around the world from 1970 through
2020, where information is based on a variety of open me-
dia sources. Since GTD includes many terrorist incidents,
we focus only on the most salient events that result in more
than 10 casualties or constitute one of the top 3 terrorist at-
tacks in terms of casualties for each unique country.

After this selection from the event databases, we accumu-
late 188 natural disaster and 282 attack events that started
and finished in the first six months of 2020 for our news
coverage study.

4 Method Identifying News on Critical
Events

We introduce and use a method that efficiently links mul-
tilingual news articles in D to records that are listed in an
event database, £.

4.1 Input and Fingerprint Specification

FAME takes as input an event fingerprint, e € £, which is
a narrow subset of event record metadata, and a dataset of
news articles D. The fingerprint is a triplet e = {(c, [, t) (e.g.,
(STORM, INDIA, 2020/05/20)), where: ¢ € C encodes an
event class (e.g., STORM), [ € L is a location of an event
(e.g., CHILE), and ¢ is the starting date of an event (e.g.,
2020/05/17). Here, C is a set of discrete event classes (e.g.,
ATTACK, STORM) and L is a set of discrete location classes
(e.g., INDIA, ITALY). Such basic metadata is widely avail-
able across event record databases. More detailed metadata

Shttps://www.emdat.be/
"https://earthquake.usgs.gov/earthquakes/map/
8http://apps.start.umd.edu/gtd/
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or types of event arguments, such as an ATTACK’s perpe-
trator group, is not in the fingerprint because they may be
too class-specific, and can raise broader semantic issues; we
leave incorporation of these for future work.

These are the same inputs as the ones used in the study
of Eisensee and Stromberg (2007), which we seek to repli-
cate and expand. This input specification assumes that there
are no duplicate event fingerprints, i.e., two events having
the same fingerprint. This assumption holds true for all nat-
ural disasters and for 98% of the terrorist attacks for the
databases we work with.

4.2 Method

Our method for extracting multilingual articles about events
follows the following steps. (1) Heuristic filtering selects a
set of candidate articles that might discuss the event of inter-
est. We apply a rule-based approach to select these candidate
articles and aim to preserve recall in this step. (2) LLM fil-
tering selects a final subset of articles. Here, we apply LLM
QA. We illustrate an example application of heuristic filter-
ing and LLM filtering in Figure 2.

Phase One: Heuristic filtering For each event fingerprint,
the heuristic filtering step aims to prune the original set of
articles to a small subset which includes all articles that dis-
cuss the event specified by the fingerprint, as in Figure 2.
Given fingerprint (c,,t), the filtered documents must sat-
isfy three rules:

(1) Be within seven days of the start date ¢ of the event,

(2) Contain a keyword indicating the location of the event
(k; € K; where K is a set of keywords that may indi-
cate the occurrence of an event in location [ € L (e.g.,
Kolkata, Odisha... for INDIA)),

(3) Contain a keyword indicating the class of the event (k. €
K. where K., is a set of keywords that may indicate the
occurrence of an event of class ¢ € C (e.g., blizzard, ty-
phoon... for STORM).

Figure 2 shows examples of document text that passes Phase
One heuristic filtering for the fingerprint, (STORM, IN-
DIA, 2020/05/20).

To increase the chance that all articles discussing an event
described by fingerprint (c, [, t) pass this Phase One step, K.
and K; must be comprehensive keyword sets, containing as
many keywords as possible that could indicate the occur-
rence of the event. To construct K. and K, we used glos-
saries and lexical databases such as WordNet (Miller 1995),
which stores synonyms and hyponyms—words that store



more specific semantic fields. Then, following the approach
of Cai and O’Connor (2024), we expanded the sets using
an LLM by setting its temperature hyperparameter—which
controls the extent of output randomness—to 0.5 and repeat-
edly prompting for candidate synonyms and hyponyms of ¢
and /. We ultimately added any words that appeared in at
least 50% of the LLM outputs to the keyword sets.

Phase Two: LLM filtering Since Phase One extracts doc-
uments that may potentially discuss an event specified by a
fingerprint, aiming for perfect recall but not high precision,
a second filtering step uses LLM QA to link event finger-
prints with articles, with high precision and recall. For each
candidate article that passes initial filtering, FAME sends to
GPT-3.5-turbo the following LLM prompt:

[article title + first 3 sentences]

Does the text discuss a recent
[event class ¢] in [location []?

Answers from the LLM that include a ‘Yes’ response indi-
cate that an article discusses an event; otherwise, the article
is dropped. We finalized the question posed to the LLM af-
ter evaluating four versions of questions that varied based on
specificity (Appendix B). The LLM prompt contains only
the article title and first 3 sentences of article text because
we found that out of a sample of 150 articles across various
event classes, if an article positively mentioned an event, it
mentioned the event in either the title or first 3 sentences.

We use GPT-3.5-turbo for the LLM QA step, even though
other large language models, including later versions of this
one, are available because it performs well and is cheap.
In our experiments, open source models did not perform as
well (results are in Appendix B), but we hope to explore this
possibility in our future research.

4.3 Handling of Multiple Languages

FAME can extract articles that discuss an event specified by
a fingerprint for any language. For the Phase One heuristic
filtering step, the keyword sets K. and K consist of words
that belong to the same language as those in the text docu-
ments. We populate the keyword sets in all languages (En-
glish, Spanish, and French) using the same procedure (§5.1).

While the Phase One heuristic filtering step requires key-
word engineering for each language, the Phase Two LLM
QA step applies cross-lingual QA, with no customization for
each language. Specifically, the LLM prompt uses the arti-
cle title and first 3 sentences of article text, word-for-word,
and poses a question in English irrespective of the language
of the article text. This cross-lingual approach does not face
prompt and wording sensitivity issues for questions in lan-
guages that are not English, and follows a vast literature sup-
porting cross-lingual QA (Liu et al. 2019; Lewis et al. 2020;
Muller et al. 2022; Zhou et al. 2021). We additionally find
that it performs well for linking events with Spanish- and
French-language articles in §5.4.
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5 Identifying News about Disasters and
Terrorist Attacks

Here, we first describe how FAME is adjusted to the event
databases by choosing relevant keywords sets K; and K.
Then, we apply FAME to identify news about natural dis-
asters and terrorist attacks. We label 6,468 event-news pairs
passing Phase One as either correct or incorrect matches.
Using these labeled samples as a ground truth, we evaluate
FAME'’s performance across eight event classes.

5.1 Adjusting FAME to the Event Databases

For our evaluation and social science study, the event
fingerprints (c,l,t) are from EM-DAT, USGS, and GTD
databases, introduced in §3. The set of discrete event classes
C includes natural disaster and attack classes: EARTH-
QUAKE, FLOOD, AVALANCHE, STORM, LANDSLIDE, VOL-
CANO, WILDFIRE, and ATTACK, and the set £ of discrete
location classes corresponds to countries, all derived from
EM-DAT, USGS, and GTD.

Keyword sets K; and K. consist of location and event
class keywords respectively, and aim to be comprehen-
sive. Therefore, K, which is the keyword set correspond-
ing to country ! € L, consists of the country name
and demonyms from the Open Event Data Alliance’s
CountryInfo.txt,? as used in (O’Connor, Stewart, and
Smith 2013) province names as indicated by ‘adminl’ in
the Geonames database'’, and any city in the top 5000 most
populated cities in the world as per the GeoNames database.
These databases are all in English; we used Google Trans-
late!! to convert database entries to Spanish and French lan-
guages, and verified a sample of 200 of the translations with
fluent speakers. K., which is the keyword set corresponding
to event class c, consists of synonyms or hyponyms which
are from thesauruses'?, are sampled from GPT-3.5-turbo, or
are derived from the WordNet lexical database. These are
stemmed and appended to different affixes (e.g., -s, -ing,
etc.). Since WordNet is an English lexical database, we used
Google Translate and verified the Spanish and French key-
word sets with fluent speakers.

5.2 How Many Articles Pass FAME Filters?

Next, we apply FAME to the three databases. In Table 1, we
present the number of articles passing each Phase of FAME,
including their statistics per event.

Phase One drastically filters down articles by more than two
orders of magnitude, highlighting its importance for compu-
tational efficiency—the initial corpus is far too large to run
through an LLM. Then in Phase Two, LLM QA again re-
moves a large number of articles (more than three quarters),
motivating the next section’s manual evaluation to assess if
it is removing false positives as intended. Consistent with

*https://github.com/openeventdata/CountryInfo
https://www.geonames.org/
"https://translate.google.com/
https://www.merriam-webster.com/thesaurus/,
https://dictionary.cambridge.org/dictionary/english-french/,
https://dictionary.cambridge.org/dictionary/english-spanish/



Zuckerman et al. (2019), we also find that most events have
very low news coverage—in fact, for all phases and each
language’s subcorpus, there are events with zero linked arti-
cles (i.e., our method finds no news coverage), while a small
number of events have significantly higher news coverage.

5.3 Ground Truth Event-news Pairs

We label pairs of events and news identified by FAME in
English, Spanish and French over all 8 event classes. If more
than 3 event fingerprints in £ have the same event class, we
randomly selected pairs corresponding to 3 events from that
class for labeling (4 for the ATTACK event class, of which
there are significantly more events), where each event finger-
print corresponds to at least 30 articles passing Phase One,
and at least 5 articles passing Phase Two. If fewer than 3
event fingerprints in £ have the same event class, we labeled
pairs of events and news corresponding to all events of that
class. We compute precision, recall and F1 scores for each
language and each event fingerprint that we labeled news for.

We construct ground truth labels of articles corresponding
to event fingerprint records {c,[,t) using annotators hired
from Upwork who are fluent in the target languages.'? For
each language, two annotators labeled all or the first 150
Media Cloud articles that passed the Phase One heuristic
filtering step, which aimed to have perfect recall, for each
event record. An article received a positive label if any part
of its title or first three sentences of text discusses the input
event record and a negative label otherwise, indicating no or
peripheral discussion of the event. Annotators for English-,
Spanish-, and French-language text agreed 94.5%, 95.6%,
and 95.8% of the time respectively (Cohen’s kappa of 0.88,
0.91, and 0.91 respectively). Most disagreements (approxi-
mately 90%) stemmed from inadvertent errors, such as over-
looking relevant text, inconsistent application of the annota-
tion criteria, and skipping annotation of certain articles en-
tirely. Disagreements were resolved by the authors through
a systematic review of the annotation guidelines. To ensure
consistency, all resolved labels were carefully aligned with
the predefined annotation criteria.

Given that the ground truth data consists of articles that
pass Phase One, we seek as complete a set of articles as
possible, using a very large set of keywords containing syn-
onyms and hyponyms. We test whether the keyword sets are
expansive enough by performing an ablation that considers
even more distant synonyms in the keyword sets (details in
Appendix B). Because we find that FAME links the same
articles, we believe our original keyword sets are as large,
relevant and varied as they need to be, though we cannot
guarantee perfect recall in retrieval of relevant articles from
Media Cloud.

5.4 Performance Comparison

The averaged results of our evaluation in Table 2 highlight
the high performance of our method for linking English-,

BEach annotator has between 98 and 100 percent satisfaction
over their previous jobs. Compensation was roughly $25 per hour.
The UMass Human Research Protection Office determined this an-
notation study is not human subjects research.
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Lang. Method Prec. Recall F1
EN KW: Title-only 88.1 484  57.6
EN KW: Title+Body  84.1 78.0 793
EN FAME 93.2 954 940
FR FAME 96.9 94.1 95.2
ES FAME 98.1 96.0  96.8

Table 2: Averaged precision, recall, and F1 scores over
expert-annotated articles matched to events for FAME and
two previously used keyword classifier baselines ("KW”)
adapted to our task on English data (title-only, and on first
three sentences of article text). Results for English (FAME
and the baselines), Spanish (FAME), and French (FAME).

Spanish-, and French-language articles to events.'* Since
many social science studies use keyword matching to iden-
tify event coverage (L. Hellmueller and Lindner 2022), we
adapt the method in Eisensee and Stromberg (2007), which
has the most similar task definition as FAME, as a baseline,
using the same location and event class keywords that they
use. Since Eisensee and Stromberg (2007) does not analyze
or have keywords for ATTACK events, we construct the key-
word set based on the attack hierarchy and definitions in the
GTD codebook. We do not use existing NLP methods as
baselines since they either rely on large amounts of training
data to perform well or face other inconsistencies with our
task as discussed in §2.

Specifically, for English-language articles, our baselines
consist of keyword matching on Media Cloud article titles,
and on article titles along with the first three sentences of
article text. In both cases, the approach produces significant
errors and performs more poorly than FAME.

While aggregate results as in Table 2 are typically used
in NLP, they may mask significant variation across events,
which are ultimately our units of analysis. Therefore, we
show models’ precision and recall performance broken out
over each event in Figure 3 (the results for Spanish in
French are in Appendix A). We note that while the aver-
aged KW:Title+Body result, of 79.3 F1, may sound reason-
ably accurate, this masks massive variation—some events
see precision low as 21.4 (and recall, 26.9)! This could
have negative consequences when trying to make qualitative
or social scientific interpretations from LLM/NLP output,
highlighting the need for more NLP evaluation—and per-
haps new modeling approaches—that better target the finer
levels of substantively relevant granularity that are important
for computational social science.

5.5 Ranking of Events with Most News Coverage

To qualitatively evaluate the results of FAME, we examine
the events that experienced the greatest news coverage in
the first half of 2020. Table 3 presents the 10 disasters that
garnered the highest number of news reports as retrieved
by FAME. The majority of these events are documented

14 Averaged events must have at least one article discussing it to
properly calculate precision and recall.



Event | Class (¢c) Location (I) Time (t) | News Death
Cyclone Amphan Storm India May 20 2723 90
Taal Volcano eruption | Volcano  Philippines Jan 12 2617 1
Magnitude 6.4 quake Earthg. Puerto Rico Jan 7 1690 2
Cyclone Amphan Storm Bangladesh ~ May 20 1437 26
Storm Ciara Storm UK Feb 8 1314 -
Severe thunderstorms Storm USA Mar 2 1268 -
2020 Elaz1g quake Earthq. Turkey Jan 24 1100 41
Storm Gloria Storm Spain Jan 19 1046 4
Severe Storm Storm USA Apr 10 857 -
Storm Amanda Storm El Salvador ~ May 31 835 -

Table 3: Top 10 disasters with the most news in the first five months of 2020. Event names were derived from the headlines of

news or titles of respective Wikipedia pages.

on Wikipedia. Notably, our method successfully identifies
events associated with the same disaster occurring in differ-
ent locations, such as Cyclone Amphan which affected India
and Bangladesh. For space considerations, the top 10 terror-
ist attacks are provided in Appendix C.

6 Investigating Bias in News Coverage

Event identification allows us to examine how news cover-
age differs across countries. Prior work found that a disaster
in Africa requires a death toll that is 40 times higher than
one in Eastern Europe to receive equivalent news coverage
in US media (Eisensee and Stromberg 2007). However, it
is unclear whether such differences in media coverage are
due to geographic distance between the countries where the
event occurred and where it was reported, or duo to other
factors, such as cultural, societal, or economic proximity.

Using articles extracted from Media Cloud from between
January and May of 2020 using FAME, we perform a large-
scale investigation of patterns in news coverage of natural
disasters and terrorist attacks. First, we compute the average
number of news stories per event in a country reported in
another country.'> Then, to identify patterns in media cover-
age of such events, we regress this average against a set of
47 country characteristics proposed as determining factors
by media scholars. We were able to gather these characteris-
tics for 128 countries, which form the base for our regression
analysis, since samples in our regression models correspond
to country pairs.

We describe details of our regression models in the next
subsection (§6.1). Then, we analyze the US media cover-
age of critical events (§6.2). Finally, we expand the scope
to investigate global media coverage of disasters and terror-
ist attacks (§6.2), focusing on reports from countries where
either English, Spanish, or French is an official language.

6.1 Details of Regression Models

Sample selection Overall, our set of events happen in 136
unique countries. If a country did not report on an event, then
the dependent variable for that country pair is zero. To limit
the number of zeroes, we restrict reporting countries either
to the US (§6.2), or to the countries that cover critical events

'>We consider only the events with unique fingerprints.
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happening in at least ten countries (§6.3). There are 10 such
reporting countries in English, 4 in Spanish, and 2 in French
(full list in Appendix C).

Choice of candidate factors To identify factors that might
influence news coverage of disasters, we conducted a liter-
ature review (§2). We classified the factors into five cate-
gories: event characteristics, economic, societal, geographic
and cultural (Lee 2007; Segev 2016). We consider key char-
acteristics of the specific event, such us the number of
deaths, and the characteristics of the country where that
event happened: its continent, GDP, Gini index of income in-
equality, and Democracy index(The Economist Intelligence
Unit 2024). Country indices are sourced from the World
Bank and The Organization for Economic Co-operation and
Development (OECD). Most of the factors we consider are
relational, that is they describe the relationship between the
country where the critical event happened and the country
where it might be covered, e.g., whether these countries are
neighbors, share an official language, their levels of trade
and direct investment in each other. All 47 considered fac-
tors are listed in Appendix D with their detailed explana-
tions, definitions, and value ranges.

Feature and model selection Next, we evaluate which of
the 47 candidate factors may be related to the news coverage
of disaster and terrorist attack events. Given the possibility
of collinearity and irrelevance among these factors, we em-
ployed a feature selection algorithm to discern the most im-
pactful predictors. Specifically, we identify the features that
are the most significant through forward selection to greed-
ily optimize the Akaike Information Criterion (AIC), adding
factors one by one. The AIC method assists in identifying
the optimal set of predictors that most effectively explain
the variations in the dependent variables, ensuring a robust
and effective model. We also experimented with Variance In-
flation Factor (VIF) feature selection, which yielded similar
results.

Factor preprocessing To ensure comparability across fac-
tors, each factor was normalized using a min/max scaler,
which rescales every factor to a numeric value between 0
and 1. Additionally, logarithmic scaling was applied to the
death count for smoothing the skewness of the data. Death
count information is missing for some events: in such cases
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Figure 3: Precision and recall of FAME and the two base-
lines (“KW”) for random events of each event class.

we imputed it with the average death count per event, fol-
lowing our manual examination of a subset of 20 disasters
without death counts.'S.

6.2 US News Coverage

We regress the average number of news articles published
in the US about critical events happening in another country
against country-level factors. Table 4 lists the coefficients of
the factors identified by feature selection as predictive of the
outcome variable.

First, the resulting models for disasters and terrorist at-
tacks achieve high R? values, 0.603 and 0.440, meaning that
these models explain 60% and 44% of the variance in the
average number of news coverage per disaster, respectively.
We find that the factor that impacts the news coverage of
disasters the most is the number of deaths (left column coef-
ficients in Table 4). This factor is also the most predictive for
the news coverage of terrorist attacks (right column coeffi-
cients in Table 4). This common-sense relationship between
mortality and coverage of disasters was described in prior
works (Eisensee and Stromberg 2007) and, thus, suggests
FAME is retrieving relevant data.

Second, Eisensee and Stromberg (ES) find that geogra-
phy matters significantly in the coverage of disasters in US
news in the late 20th century. We do not observe a significant
bias in news coverage of disasters in Europe or Africa (left
column in Table 4), but we see that disasters in high GDP
countries received significantly more attention. This is con-
sistent with ES’s provocative finding that disasters in Eastern
Europe receive proportionally more coverage than disasters
in Africa, since national GDP and GDP per capita are gen-
erally higher in Eastern European countries than in African

For about a half of them we inferred non-zero death counts
based on information available in the Internet, but we could find
the exact death count only for three of them.
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Type Variable Disaster Attack
Eve.  #Deaths 3.401%** 3.221
Geo.  Neighbor -2.234 -3.479
Asia 0.382 0.728
Europe 0.472 0.415
Africa 0.335 0.204
Oceania 1.615*** 0.310
North America 0.420* 0.099
South America 0.207 0.158
Eco. 0.315** 0.379**
2.050 4.427
-0.254 0.350
Pol. Democracy in. 0.060 -0.011
Diplomatic relation 0.080 -0.108
Soc.  Giniin. -0.070 0.032
Cul.  Same language 0.042 -0.024
const -0.442 -0.095
#Observations 128 128
Adjust R? 0.603 0.440

Table 4: Regression results of average US news coverage
per disaster or terrorist attack happening in a foreign coun-
try. The top 3 significant coefficients with the largest abso-
lute value are marked in bold font. We indicate statistical
significance at levels p < 0.001 (¥**), p < 0.01 (**), and
p < 0.05 (*).

countries. In our data, a disaster in Nigeria requires 10 times
more deaths than in Russia to receive the same level of atten-
tion, while a terrorist attack requires 21 times more deaths.
While this similarity to ES is encouraging, there’s a dan-
ger in comparing news from 2020 in our set to theirs, from
1968 to 2002. For most of ES’s data, the Cold War meant
that Eastern Europe was of particular interest to US audi-
ences. In our data, we note a high degree of attention to dis-
asters in North America and Oceania: wealthy nations (the
US, Canada, Australia, New Zealand) are well-represented
on these continents.

Third, terrorist attacks achieve much more coverage if
there is a large volume of trade between the reporting coun-
try and the country affected. This factor was by far the most
predictive of news coverage of terrorist attack events in the
US, even more so than the number of deaths. This finding
echoes findings in existing studies of news coverage (Segev
2016; Wu 2000; Chen et al. 2024).

6.3 News Coverage across Countries and
Languages

We also performed a regression analysis at a global scale,
examining the average number of news articles about an
event in a country against various country-level factors. Ta-
ble 5 shows the coefficients of the factors identified as pre-
dictive for news coverage of disaster events, categorized by
language. Similar to the analysis of US news coverage, the
global analysis finds that the number of deaths, GDP, and
event location in Oceania are among the most significant fac-
tors influencing global media attention. A higher death toll
corresponds to greater news coverage, and Oceania’s high



Type Variable English Spanish French
Eve. #Deaths 2.961%**  3.485***  2.343***
Geo.  Continent sim 0.004 0.128 0.106*
Neighbor 0.271** 0.171 -0.084
Asia 0.157* 0.222 0.048
Europe 0.213** 0.302**  -0.043
Africa 0.074 0.216 -0.017
Oceania 0.830***  0.574**  0.303**
North America 0.141 0.282* -0.041
South America 0.073 -0.040 0.001
Eco. -0.012
0.351%**  0.556*** -0.012
0.057 -0.070
-0.300 -0.622 -0.023
0.499 -0.643 -0.038
Pol. Democracy in. 0.044 0.051 0.011
Democracy in. (h-1) ~ 0.060
Diplomatic relation ~ 0.031 -0.043 -0.009
Soc.  Giniin. -0.059 -0.076 -0.019
Gini in. (h-h) 0.004
Cul.  Same language 0.025 0.344***  -0.006
const -0.133 -0.197 0.017
#Observations 1281 511 256
Adjust R? 0.623 0.639 0.740

Table 5: Regression results of average news coverage be-
tween countries per disaster in different languages. Missing
regression coefficient indicates that the respective factor is
irrelevant according to feature selection.

coefficient across languages likely reflects the prominence
of high-GDP countries such as Australia and New Zealand,
which play significant roles in the geopolitical landscape.
This pattern aligns with studies on systemic biases in global
media coverage, suggesting that wealthier nations receive
more attention due to their economic influence, media in-
frastructure, and geopolitical importance (Wu 2000; Segev
2016; Chen et al. 2024). Unlike the US-based study by
Eisensee, which identifies a bias against Africa in disaster
coverage, the global analysis indicates more balanced atten-
tion toward disasters in Africa, Europe, and Asia.

Table 6 presents the coefficients for terrorist attack events,
demonstrating that the number of deaths remains the most
predictive factor for news coverage across languages. Eco-
nomic factors, however, exhibit a nuanced role in the con-
text of terrorist attacks. While GDP remains significant,
trade volume emerges as an equally predictive factor, un-
derscoring the economic interdependence between nations
and its influence on media agendas. Diplomatic relations
also appear as a significant factor for terrorist attack events
but not for disasters, suggesting that geopolitical alliances
and strategic partnerships amplify media attention to cer-
tain attacks. South America exhibits a notable coefficient ex-
clusively in Spanish-language media, while Africa appears
prominently in French-language media. This pattern may re-
flect the heightened attention of the Spanish-speaking and
French-speaking worlds to the respective continents’ politi-
cal instability and humanitarian crises.
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Type Variable English  Spanish French
Eve. #Deaths 2.695** 2,646  2.423***
Geo. Continent sim -0.015 -0.099 -0.016
Neighbor 0.298** 0.024 -0.056
Asia 0.311***  0.345* 0.280
Europe 0.251** 0.390** 0.261
Africa 0.076 0.261 0.407*
Oceania 0.171 0.618** 0.656**
North America 0.192 0.330 0.287
South America 0.106 1.106%**  0.326
Eco. 0.324***  1.012***  0.587***
0.561***  0.490***  0.567***
-0.489***
0.127 0.916* 0.560
1.967***  3.858***  1.798**
Pol.  Democracy in. (h-h) -0.073 -0.025 -0.000
Democracy in. (h-1) 0.155* -0.489
Diplomatic relation 0.217***  0.318**  0.049
Soc.  Gini in. (h-h) 0.031 0.087 -0.049
Gini in. (h-1) 0.002 -0.049
Cul.  Same language 0.108**  -0.205 -0.2477*
const -0.206* -0.400**  -0.197
#Observations 1281 511 256
Adjust R? 0.484 0.518 0.499

Table 6: Regression results of average news coverage be-
tween countries per terrorist attack in different languages.

7 Limitations

In this study, we proposed minimalist fingerprints, which did
not result in any fingerprint collisions for disasters, but re-
sulted in 2% of terrorist attacks having the same fingerprint.
For other datasets, future studies may want to use longer fin-
gerprints or account for the potential fingerprint collisions.

Our findings are inherently limited by the datasets we fo-
cus on. Terrorism is a somewhat subjective label, and an at-
tack that is not considered a terrorist attack by the GTD will
not register in our set. Similar caveats apply regarding EM-
DAT: errors in the database will propagate to our analysis.
Media Cloud, while far reaching, does not have universal
coverage.

One serious limitation is the short duration of our study.
Unlike Eisensee and Stromberg, who examine 34 years
of data, we consider only six months. Those six months
in question were quite unusual: COVID-19 was spreading
rapidly, and our study period includes the global “shutdown”
associated with the pandemic. It is possible that results dur-
ing our study period might be significantly different than
other time periods due to rapid changes in global newsgath-
ering and the global focus on the pandemic. We are reas-
sured though that our method seems to emphasize similari-
ties in media attention to studies conducted during other time
periods.

8 Conclusion

In this study, we present a novel methodology for system-
atically identifying and investigating global news coverage
of critical events, specifically disasters and terrorist attacks.
Our method, FAME (FINGERPRINT TO ARTICLE MATCH-
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Figure 4: The average number of news in English per disaster (left) and per terrorist attack (right) happening in a given country.

ING FOR EVENTS), provides a scalable, efficient, and ro-
bust approach to match event fingerprints—time, location,
and class—to news articles without relying on training data.
By leveraging massive databases, including event databases
and multilingual news articles from Media Cloud, FAME
achieved excellent performance, with average F1 of 94.0
on English articles, and of 95.3 across all three languages.
It linked 470 events to over 27,441 news articles (out of
42.4 million) across 3 languages and 8 event classes. The
introduced novel dataset and task of linking events from
databases to news articles, will stimulate the development of
methods that will enable unprecedented agenda setting stud-
ies. Future works can extend our approach, e.g., by using
more complex fingerprints, or supervised learning.

Through our large-scale analysis, we identified patterns
in global news coverage that align with findings from prior
research and add nuance to them. Specifically, we observed
that events with higher death tolls, occurring in countries
with higher GDP, and those with greater trade volumes are
more likely to receive extensive global media attention (no-
ticeable in Figure 4). Furthermore, this methodology enables
us to investigate such patterns at scale, overcoming the lim-
itations of prior approaches.

This work provides a robust foundation for further explo-
ration of patterns in global news coverage. By offering a
scalable and automated solution, FAME opens avenues for
examining critical events across centuries and their coverage
in diverse languages, regions, and contexts. Future research
can build on this approach to deepen our understanding of
how global media frames and prioritizes events.
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A Appendix A: Per-event Evaluation for
Spanish- and French-language articles

Figures 5 and 6 present the per-event precision and recall
scores of FAME, on linking disaster events of 8 classes with
labeled Spanish- and French-language articles, where events
must have at least one article discussing them to properly
calculate precision and recall. In most cases, FAME can
achieve more than 90% score on the metrics.
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Figure 5: Per-event precision and recall of FAME, on link-
ing Spanish-language articles to event fingerprints.
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Figure 6: Per-event precision and recall of FAME, on link-
ing French-language articles to event fingerprints.



Lang. Method Prec. Recall F1
EN KW: Title-only 88.1 484  57.6
EN KW: Title+Body 84.1 78.0 793
EN FAME (llama-3-70b) 89.0 84.3 85.5
EN FAME (llama-3-8b) 90.9 86.1 87.0
EN FAME (GPT-3.5-turbo)  93.2 954 940
FR FAME (llama-3-70b) 97.6 90.5 93.3
FR FAME (llama-3-8b) 94.8 93.9 940
FR FAME (GPT-3.5-turbo)  96.9 94.1 95.2
ES FAME (llama-3-70b) 98.2 914 942
ES FAME (llama-3-8b) 96.8 93.0 945
ES FAME (GPT-3.5-turbo)  98.1 96.0 96.8

Table 7: Averaged precision, recall, and F1 scores over
expert-annotated articles corresponding to events that do not
have zero prevalence, for English (FAME and baselines),
Spanish (FAME), and French (FAME).

B Appendix B: Ablations

Increasing the size of K, and K;. We investigate whether
the keyword sets that FAME uses are comprehensive
enough. We further increase the size of K. by including 5 to
10 more synonyms and hyponyms that GPT-3.5-turbo rec-
ommends for each event class c, even if they seem to have a
very different meaning from c, but observed no difference in
results compared to when using the original keyword sets.

Using open-source LLLMs. We replace GPT-3.5-turbo in the
Phase Two LLM QA step with recent open-source models.
In Table 7, we show results of FAME using high-performing
open-source models of llama-3-70b and llama-3-8b, which
perform quite similarly to, but slightly worse, than FAME
using GPT-3.5-turbo. The difference in number of model pa-
rameters does not seem to impact performance much.

Question specificity. We also investigate whether wording
of the LLM prompt affects performance. First, we find that
using a single prompt for the Phase Two LLM QA step has
better performance than using a series of prompts. We there-
fore experiment with various single prompts:

[article title + first 3 sentences]

Does the text discuss a recent
[event class ¢] in [location []?

This wording is the simplest, asking if the event class in the
fingerprint has occurred in the country specified by the fin-
gerprint recently.

[article title + first 3 sentences]

Does the text discuss a recent
[event class c¢] [broader category
of ¢] in [location []?
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[article title + first 3 sentences]

Does the text discuss a recent
[event class c¢] [ (broader category
of ¢)] in [location []?

These two prompts clarify the broader category of the event
class (e.g., natural disaster, terrorist attack), using slightly
different wordings.

[article title + first 3 sentences]

Does the text discuss a recent
[event class c¢], where [definition
of ¢], in [location (17

The fourth prompt provides the definition of the event class,
where the definition is from the Merriam-Webster dictio-
nary.

The results corresponding to various prompts are all
within one percentage point of each other for precision, re-
call, and F1 score. To avoid prompt customization for each
event class, FAME’s Phase Two LLM QA step uses the sim-
plest prompt without any category or definition clarification.

C Appendix C: Reporting countries and
example of identified terrorist attacks

Table 8: Reporting Countries by Official Language

English (en) Spanish (es) French (fr)
United States (USA) Mexico (MEX) Canada (CAN)
United Kingdom (GBR)  Colombia (COL)  France (FRA)
Canada (CAN) Spain (ESP)
Australia (AUS) Argentina (ARG)
Ghana (GHA)
India (IND)
Ireland (IRL)
Kenya (KEN)
Nigeria (NGA)
South Africa (ZAF)

Table 8 presents the list of reporting countries we consid-
ered in the regression on global news coverage.

Similar to Table 3, we also examined example terrorist
attacks identified by our method as part of a quantitative ro-
bustness check. Table 9 lists the top 10 terrorist attacks that
garnered the highest number of news reports. Most of these
identified terrorist attacks align with online news records,
except for one false positive case. Specifically, our database
includes two attack events, ”Woman shot in Temple Terrace”
and “Boogaloo shooting in Oakland,” which overlap with
the period of the ”George Floyd protests” series of events.
All three events share the same fingerprint. As a result, our
method erroneously categorized thousands of news articles
on the ”George Floyd protests” as false positive samples as-
sociated with the fingerprint of an attack event.



Event | Class () Location () Time (t) | News Deaths
E’é’(fgz?ozh;;g t?;g‘“g%:gﬁ? Attack United States 20200529 | 15094 |
Foiled coup attempt Attack Venezuela 2020-05-03 | 1741 6
Shooting at Corpus Christi Navy base Attack United States  2020-05-21 | 1712 1
Hanau shootings Attack Germany 2020-02-19 | 1677 2
Fulani militants attacked in Kaduna State Attack Nigeria 2020-05-31 | 1379 13
Massacre in a maternity ward Attack Afghanistan  2020-05-12 | 1216 24
Streatham stabbing Attack United Kingdom 2020-02-02 | 1161 1
Gamboru bombing Attack Nigeria 2020-01-06 | 1024 30
Jorge Armenta: Mexican journalist killed Attack Mexico 2020-05-16 | 1022 2
Boko Haram militants burn to death motorists | Attack Nigeria 2020-02-09 | 980 30

Table 9: Top 10 terrorist attacks with the most news in the first five months of 2020.

D Appendix D: Country factors in regression
analysis

We extensively examined literature of the country factors
whose impact on media coverage has been studied. All con-
sidered factors are listed (color-coded by the class) with de-
tailed explanation in Table 10.
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Type Predictor  description
Eve. #Deaths The average death number of each event happening in the country
event in a high GDP country?
Eco. event in a high GDP country and reported by a high GDP country?
event in a high GDP country and reported by a low GDP country?
event in a low GDP country and reported by a high GDP country?
event in a low GDP country and reported by a low GDP country?
the trading volume between the reporting country and the event country
the amount ($ USD) that the reporting country invest into the event country
Democracy in.  event in a high democracy index (DI) country?
Democracy in. (h-h)  event in a high democracy index country and reported by a high democracy index country?
Democracy in. (h-I)  event in a high democracy index country and reported by a low democracy index country?
Democracy in. (I-h)  event in a low democracy index country and reported by a high democracy index country?
Democracy in. (I-1)  event in a low democracy index country and reported by a low democracy index country?
Press Freedom in.  event in a high press freedom index (PFI) country?
Press freedom in. (h-h)  event in a high press freedom index country and reported by a high press freedom index country?
Press freedom in. (h-1)  event in a high press freedom index country and reported by a low press freedom index country?
P Press freedom in. (I-h)  event in a low press freedom index country and reported by a high press freedom index country?
ol. . . . . .
Press freedom in. (I-1)  event in a low press freedom index country and reported by a low press freedom index country?
Federalism event in a federal country?
Republic  event in a republic country?
Other mode of government event in a country neither federal or republic?
Both Federalism  both the event country and the reporting country are federal?
Both Republic  both the event country and the reporting country are republic?
Federalism and Other  event in a federal country and reported by a country neither federal or republic?
Republic and Other  event in a republic country and reported by a country neither federal or republic?
Diplomatic relation  an integer measure with six categories: 1-Unknown; 2-Interests Served by; 3-Interest Desk; 4-
d’affairs; 5-Minister/Envoy; 6-Ambassador, Nuncio, Secretary of the People’s Bureau;
Population  event country population
Population density  the population density of the event country
Immigration  the immigration amount from the reporting country to the event country
Soc Giniin.  event in a high Gini index country?
’ Gini in. (h-h)  event in a high Gini index country and reported by a high Gini index country?
Giniin. (h-1)  event in a high Gini index country and reported by a low Gini index country?
Gini in. (I-h)  event in a low Gini index country and reported by a high Gini index country?
Gini in. (I-1)  event in a low Gini index country and reported by a low Gini index country?
Area the area of the event country
G Asia  event country in Asia?
€o0. ] .
Europe event country in Europe?
Africa  event country in Africa?
Oceania  event country in Oceania?
North America  event country in North America?
South America  event country in South America?
Neighbors  event country and the reporting country are neighbors?
Continent sim  event country and the reporting country on the same continent?
Same Language the event country and the reporting country using the same official language?
Religion Diversity  the shannon entropy of the distribution with respect to mainstream religions (including Christian,
Cul. Muslim, Unaffil, Hindu, Buddhist, and Folk religion) in the event country

Literacy rate
Internet user rate

the literacy rate of the reporting country
the internet user rate of the reporting country

Table 10: Descriptions for the predictors considered in the regressions of news coverage.
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Figure 7: The average number of news in Spanish per disaster (left) and per terrorist attack (right) happening in a given country.

Figure 8: The average number of news in French per disaster (left) and per terrorist attack (right) happening in a given country.
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