
Archive ouverte UNIGE
https://archive-ouverte.unige.ch

Article scientifique Article 2021                                     Published version Open Access

This is the published version of the publication, made available in accordance with the publisher’s policy.

Protest event analysis: developing a semiautomated NLP approach

Lorenzini, Jasmine; Kriesi, Hanspeter; Makarov, Peter; Wüest, Bruno

How to cite

LORENZINI, Jasmine et al. Protest event analysis: developing a semiautomated NLP approach. In: 

American Behavioral Scientist, 2021. doi: 10.1177/00027642211021650

This publication URL: https://archive-ouverte.unige.ch/unige:152063

Publication DOI: 10.1177/00027642211021650

© This document is protected by copyright. Please refer to copyright holder(s) for terms of use.

https://archive-ouverte.unige.ch
https://archive-ouverte.unige.ch/unige:152063
https://doi.org/10.1177/00027642211021650


https://doi.org/10.1177/00027642211021650

American Behavioral Scientist
﻿1–23

© 2021 SAGE Publications

Article reuse guidelines:
sagepub.com/journals-permissions 

DOI: 10.1177/00027642211021650
journals.sagepub.com/home/abs

Article

Protest Event Analysis: 
Developing a Semiautomated 
NLP Approach

Jasmine Lorenzini1, Hanspeter Kriesi2,  
Peter Makarov3, and Bruno Wüest4

Abstract
Protest event analysis is a key method to study social movements, allowing to 
systematically analyze protest events over time and space. However, the manual 
coding of protest events is time-consuming and resource intensive. Recently, 
advances in automated approaches offer opportunities to code multiple sources and 
create large data sets that span many countries and years. However, too often the 
procedures used are not discussed in details and, therefore, researchers have a limited 
capacity to assess the validity and reliability of the data. In addition, many researchers 
highlighted biases associated with the study of protest events that are reported in 
the news. In this study, we ask how social scientists can build on electronic news 
databases and computational tools to create reliable PEA data that cover a large 
number of countries over a long period of time. We provide a detailed description 
our semiautomated approach and we offer an extensive discussion of potential biases 
associated with the study of protest events identified in international news sources.

Keywords
protest event analysis, natural language processing, newswires, Europe, Great 
Recession

Introduction

The analysis of contentious politics has a long tradition in social science. One of the key 
methods in this field is protest event analysis (PEA), a form of content analysis that 
allows to systematically collect, quantify, and process large amounts of information on 
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political protest across time and countries (Hutter, 2014a, 2014b). Protest event data has 
usually relied on newspaper coverage as data source, and, mostly on manual coding. 
Yet the manual coding of protest events across time and space is intensely time consum-
ing. This poses an important challenge to study large numbers of countries and to cover 
extensive periods of time. In this article, we ask how social scientists can build on 
electronic news databases and computational tools to create reliable PEA data that 
cover a large number of countries over a long period of time. Answering this research 
question requires addressing two challenges: (a) building a procedure to identify unique 
protest events across multiple news sources and (b) assessing the reliability and validity 
of the collected data.

Following the suggestions by Nardulli et al. (2015), we develop a multistep pro-
cedures that combines automated preselection of relevant documents and manual 
coding to obtain a high-quality data set with a reasonable cost and time frame. 
Nardulli et al. (2015) propose automating the extraction of simple factual content 
from text and, then, employing human coding to identify the content that requires 
more interpretation. Our approach is very much in line with this strategy, we apply 
an extended natural language processing (NLP) tool pipeline in order to identify 
relevant news stories prior to the manual coding of protest events from them. Our 
decision to rely on automated NLP for the coding of the data required the linguistic 
homogeneity of our sources. Following the lead of Beissinger and Sasse (2014), we 
chose to retrieve and code protest events reported by 10 English-speaking news 
agencies—all we could find in the 30 countries covered by our study. Our approach 
can be easily reproduced, thanks to our detailed presentation of the procedure we 
follow.

In addition, we provide a detailed evaluation of the reliability and validity of our 
data. Concerning the manual coding part, we have reached acceptable intercoder reli-
ability. Furthermore, we compare our data with existing data, drawn from both auto-
mated and manual coding, to provide a thorough assessment of its biases. Last, the 
comparison of our data with other existing protest event data shows that the sources 
we used mainly introduce the expected biases when using international instead of 
national sources: the events included in our data set are more newsworthy for an inter-
national audience, that is they are more likely to take place in the capital, they are 
larger events and they are more likely to occur in times when the international com-
munity focuses on a given country. Other than this, they do not seem to vary systemati-
cally from data sets based on the coding of national sources.

The article is structured as follows. First, we discuss existing approaches to study 
protest events and highlight the main limits of events derived from news sources. 
Second, we present our procedure for the automated selection of news sources on 
protest events and the actual coding. Third, we compare our data with data from a 
source that used automated coding (Integrated Crisis Early Warning System [ICEWS]) 
and with data based on the manual coding of national news sources. In the conclusion, 
we highlight the strength and weaknesses of our approach. We also discuss future chal-
lenges for the development of semiautomated PEA.
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Strengths, Weaknesses, and Advances in PEA

The study of protest events contributed to important advances in the field of social 
movement research (see Earl et al., 2004, for a review of these contributions). Over 
time, the tools available to study protest events evolved, gaining in precision and 
becoming more reflexive about the biases associated with this method (Hutter, 2014a). 
Any PEA method captures only a segment of the events that take place in a given place 
and time (Ortiz et al., 2005). Hence, it can never fully reflect the flux of protest events 
in real life. Most empirical research in this field build on newspaper sources to study 
protest events, therefore researchers introduce biases associated with media coverage 
of protest events in their research. Our understanding of these biases has advanced 
thanks to critical work in this field (Amenta et al., 2009; Earl et al., 2004; Ortiz et al., 
2005; Rafail et al., 2019). Ortiz et al. (2005) point to four types of bias: event charac-
teristics, contextual factors, media structure, and research process. The first three types 
correspond to selection bias such as size and intensity of the event, its proximity to a 
news agency, the issue attention cycle, the profit motives and corporate interests of 
media and their sponsors (see Earl et al., 2004; Ortiz et al., 2005, for a detailed discus-
sion). The good news is that these biases tend to be stable over time and that, when 
events are reported in the news, there are few factual mistakes (or descriptive bias) 
only missing information about the goals of the movements (Earl et al., 2004).

Among the characteristics of events that contribute to their featuring in the news, 
media proximity is a good predictor of protest event inclusion in the news (Amenta 
et al., 2017, Earl et al., 2004). This means that the closer an event is to a media outlet, 
the more likely that the event will feature in the press. However, this geographical 
proximity depends on mobilization intensity (Rafail et al., 2019). These authors iden-
tify a saturation effect, heightened mobilization results in media attention up to the 
point of saturation when there is no longer room for additional protest events in the 
news.

In recent years, the development of electronic sources and NLP tools facilitated the 
use of multiple sources (Jenkins & Maher, 2016). Some are critical that building from 
more sources will improve the quality of the data (Ortiz et al., 2005), however we 
believe that it solves some problems associated with newspaper selection bias. A mul-
tisource approach allows to (a) increase the proximity between media and protest 
when working on multiple countries; (b) avoid news saturation when protest is wide-
spread across countries; and (c) include media that pursue different political interests. 
Yet this requires to be aware of conflicting bias across sources (Earl et al., 2004) and 
to develop methods to identify duplicate events to avoid counting single events mul-
tiple times and, therefore, contributing to a misrepresentation of protest waves.

In fact, problems associated with duplicate identification of single events plague 
PEA methods that build on automated tools (Schrodt, 2012; Wang et al., 2016). These 
new tools offer the possibility to monitor protest events (and conflict) over large peri-
ods of time and space. However, they fall short of some of their promises when it 
comes to providing reliable and valid data about protest (and conflict) in real time. 
Studies show that these tools tend to decontextualize events (focusing on single 
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sentences in a text document). Thus, they fail to recognize whether, when, and where 
the event took place. Wang et al. (2016), working on a selected subset of events from 
GDELT, find that only one in two events included reports about a real-life protest 
event. In addition, they find that ICEWS is stronger to identify protest events but still 
features about 20% of duplicate events. In addition, these new tools suffer from a lack 
of transparency about their built-in components. It is difficult for researchers to evalu-
ate the procedures used to select events and therefore to assess potential biases.

In the light of these debates about PEA, we ask how social scientists can build on 
electronic news databases and computational tools to create reliable multisource PEA 
data that cover large numbers of countries over long periods of time. Following Zhang 
and Pan (2019), we provide detailed information about the procedure that we develop 
so it can be used by others to expand our semiautomated approach for PEA. In addi-
tion, we develop a set of tests to evaluate and discuss potential biases in our data that 
inform researchers who will work with this data and more generally those who use 
PEA.

Developing a Multistep, Semiautomated Approach for 
PEA

Our goal is to introduce a procedure that allows to retrieve information about protest 
across multiple sources and to study protest events that take place across multiple 
countries, in our case 30, over a long period of time, 16 years. In order to do that, we 
derive protest events from news agencies that publish in English and we develop a 
multistep approach building on NLP tools to move from the five million document 
retrieved in the electronic news archive to a manageable amount of documents to 
implement manual coding. Table 1 summarizes our approach, which consists of a 
series of selection steps to reduce the number of documents to be coded manually, 
reducing it to less than 1% of the total amount of documents first identified. This table 
highlights the dramatic decrease in the number of documents when moving from the 
universe of news reports identified through keyword searching in multiple sources to 
the universe of documents containing only those documents most likely to report 
about protest events. In spite of this drastic reduction, the manual coding required, in 
total, 642 working days for a single person. We had a team of 35 graduate students to 
perform the task over a period of 6 months. This already highlights one of the major 
challenges for a multisource approach, the sheer amount of data to process. Following 
Nardulli et al. (2015), we argue that the use of NLP tools allows to reduce the quantity 
of documents that human coders need to process while maintaining the standards of 
manual coding to build the final data set.

Semiautomated Selection of Protest Events: An NLP Approach

The first step consists in the extraction of relevant news reports. We obtain news 
reports from the LexisNexis data service.1 We use 10 English-language newswire 
agencies2 and retrieve news reports published in the 16-year period from 2000 to 2015. 
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We aim at including as many news agencies as possible in order to cover as precisely 
as possible the different regions and countries included in our study. In this way, we 
follow the multisource approach to PEA (Jenkins & Maher, 2016). The search query 
comprises about 40 keywords that describe different protest actions.3 We opt for a 
query that is little constrained: It retrieves as many relevant documents as possible, 
even at the expense of obtaining a large share of irrelevant documents that need to be 
filtered out in later stages. This search returns an initial set of 5.2 million news reports.

Among these 5.2 million documents, we end up with only about 2% of documents 
reporting about protest events. This number is comparable if not higher than what 
appears in other similar studies (Oliver, 2019). The first challenge is to identify and 
eliminate irrelevant documents. This is a big challenge both for automated procedures 
and for manual coding. For automated coding, the difficulty lies in the imbalance in 
the number of events compared with the number of nonevents, which makes it difficult 
to identify recurrent patterns that allow learning how protest events are presented. For 
manual coding, the large number of irrelevant documents forces human coders to read 
many documents containing no events in order to identify the few reported events. To 
go from such an amount of documents to a set of documents that can be coded manu-
ally with a reasonable deployment of resources, we performed the following steps4:

•• We removed duplicate documents.
•• We used a metadata filter to discard documents not associated with any of our 

countries of interest.
•• We implemented a supervised document classifier and a supervised protest 

mention classifier that jointly try to distinguish relevant documents from irrel-
evant ones.

Full duplicates make up 20% of all retrieved documents, and they can be quickly 
removed based on document identifiers. However, we also face the problem of very 
similar reports that only differ in the wording of one or two sentences. A large part of 
these near-duplicates is due to news agencies rewriting the same news story over the 
course of the day as events unfold. Furthermore, news agencies sometimes share news 
among themselves. To remove near-duplicates, we compare all documents with the 
SpotSigs algorithm (Theobald et al., 2008). SpotSigs detects near-duplicates in two 
steps. First, anchor words—in our case, the search terms from the document retrieval—
are combined with short chains of adjacent content terms in order to create robust 
document signatures. Second, documents are matched on the basis of a (multi)set 
Jaccard similarity between the document signatures.5 We identify groups of news 
reports with a Jaccard similarity of 0.75 or higher and keep only one report of each 
group in our corpus.6 Our corpus contains about 6% of such near-duplicate documents. 
However, these two steps by no means solve the duplicates problem. It is still possible 
that the same or different news agencies report on the same event in very differently 
worded documents at different points in time. Thus, prominent events are reported on 
in different contexts— for example, when they occur and when their consequences are 
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debated in courts or in parliament or when the government reacts to them or when they 
are commemorated on later occasions.

In addition to the problem of duplicates, location also poses a problem. News 
reports can be irrelevant in terms of the geographic scope of our analysis. The question 
whether a story is relevant for any of our 30 countries is straightforward to answer, 
since virtually all news reports in our corpus come with metadata that also includes a 
list of countries associated with the contents of the report. We filter out documents that 
do not feature any of our countries of interest. For countries for which we already have 
a high retrieval rate (e.g., the United Kingdom, France, and Germany), we additionally 
discard documents in which this country is not among the top-ranked and in which no 
other of our 30 countries was found. Thus, we aim at up-weighting the share of sam-
pled documents for countries where only few news reports are available7.

This location-based filtering is the most important step in reducing the number of 
irrelevant documents, it removes all the documents drawn from countries outside 
Europe8 with about three quarters of documents removed (73.5%). The lion’s share of 
the reduction is due to the removal of documents that do not feature any of our 30 
countries of interest. Only 3.5% of documents are discarded because of the up-weight-
ing procedure. Nevertheless, the up-weighting has the intended effect, since it slightly 
increases the share of documents from smaller countries.

Next, we apply a combination of a document classifier and an event-trigger classi-
fier to further eliminate irrelevant documents.9 The document classifier is trained on a 
set of 7,500 documents, which have been manually classified into relevant (i.e., men-
tioning recent protest events in Europe) and irrelevant ones. We cannot go into the full 
details of this classification model here. Suffice it to say that the model follows a clas-
sic bag-of-words approach—which means that we consider all the words in the docu-
ment irrespective of sentence structures and grammatical rules—and includes a 
number of steps that have empirically been shown to produce the most informative 
bag-of words representations (Sebastiani, 2002). The classification model correctly 
identifies 94% of all the irrelevant documents. As this amounts to hundreds of thou-
sands of documents due to class imbalance, the model is a major part of our filtering 
procedure.

We combine this model with a more fine-grained approach, an event-trigger classi-
fier that allows us to further improve the identification of relevant documents. Thus, 
the bag-of-words assumption of the document classification model does not adequately 
address the diverse wording of protest events. Consider the two sentences, “workers 
go on strike” and “strike a goal,” when taking into account all the words in a document 
irrespective of sentence structures (that is the bag of word approach), we are not able 
to capture these nuances. We therefore fit another classification model for the identifi-
cation of event mentions in the text. As training data, we use 518 documents that 
political scientists annotated at the word level for protest event mentions. We instructed 
political scientists to mark word spans which, according to their judgment, most 
directly denote protest events. This means that we identify not only single words that 
refer to protest but also specific combinations of words commonly used to refer to 
protest events; for instance—word spans such as “take to the streets,” “violent 
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demonstration,” “signed a petition,” and “carried banners.” With this model, we aim to 
reduce the automated identification of protest-relevant documents to the problem of 
predicting whether some span of words refers to a protest event. In the NLP commu-
nity, a word like “threw” in “threw stones” is sometimes called an event trigger (ACE, 
2005). The model eventually predicts, for a common noun (like “demonstrations”) or 
verb (like “threw”), whether it syntactically governs a likely protest event phrase (like 
“threw stones”). Again, we cannot go into the details of the approach here either. 
Suffice it to note that it is easy to use this model for the identification of protest-rele-
vant documents: if the classification model finds no event trigger in a document, then 
this document gets filtered out. As the model associates probability estimates with all 
the triggers that it identifies in a document, we take the highest probability that the 
model assigns to one of the triggers as its estimate of the relevance of that document.

To fine tune the two models, we experimented with the combination (ensemble) of 
the two. For this purpose, we used a set of about 14,000 documents, which the docu-
ment classification model identified as relevant and then checked manually. Eventually, 
we define a document as relevant if both classification models find it relevant, other-
wise the document is declared irrelevant. We tune the combination such that it achieves 
a higher precision and recall on this data set than the document classification model 
alone. We keep this setting for the final filtering of documents for manual annotation. 
The document classification model filters out 86% of input documents, and the event 
trigger classification model another 30% of the remaining documents. After applying 
the two classifiers, we are left with just above 100,000 documents classified automati-
cally as relevant.

A manual test of the two classifiers on 1,000 documents shows that there are only 
very few relevant documents among those filtered out by the classifier models, and 
this applies for different countries and action forms. In other words, the share of false 
negatives is consistently low in all tested circumstances (2.8% on average). The event 
trigger model has been shown to work better for some countries (like Hungary or the 
United Kingdom) than for others (Spain). Moreover, the inverse problem of false posi-
tives still looms large. Although the share of irrelevant documents drops very rapidly 
beyond the selection threshold, it still remains sizable.

Manual Coding of Protest Events

In the manual coding, the goal is to retrieve information on all politically motivated, 
unconventional actions in the selected countries and time period. To this end, we 
employ a simplified version of the PEA approach established by Kriesi et al. (1995) 
and further elaborated by Hutter (2014, 2014a). Since the corpus of relevant docu-
ments proved to be too large to manage for manual coding, we had to further reduce it 
by a random sampling procedure. Thus, for countries for which we selected a large 
sample of documents, we decided to manually code only 25% of the documents,10 for 
countries with an average number of documents, we sampled 50% of all the docu-
ments for manual coding,11 and for very small countries with only a few hundred news 
reports, all the reports did go to manual coding.12
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The first step of the manual coding procedure consists in the identification of rele-
vant events. For the identification of relevant events, our human coders did not rely on 
a theoretical definition of relevant protest actions, which might be conceptually pre-
cise but practically very difficult to implement. Instead, coders identified relevant 
events based on a detailed list of unconventional or noninstitutionalized political 
action forms. We asked coders to select all mentions of protest actions listed in the 
description of Table 2 as relevant. The definition of events in news wire documents 

Table 2.  Action Form and Issue Categories Used in the Manual Coding.

Action form Description

Strikes Industrial action of any kind (including work stoppages, pickets)
Demonstrations Demonstrations, marches, rallies, camps, meetings, vigils and other 

gatherings
Petitions and related 

activities
Petitions, letters, consumer activism, boycotts, symbolic protests 

(performances and so on)
Violent protests Sabotage, riots, destruction of private or public buildings, bomb 

or arson attacks, violence against persons, clashes with police, 
cyber-attacks

Other protests All other action forms

Issue Description

Economics (private) Economic claims addressed to firms/employers: dismissal of staff, 
closure of firm/branch, labor conflict related to pay rise, pay cut, 
and so on

Economics (public) Economic claims addressed to public institutions, for example, 
welfare, budget policies, agricultural policies, labor regulation, 
state regulation of the economy more generally

Environment Environmental protection, nuclear energy, other forms of energy 
production, infrastructure projects (e.g., transport), animal rights

Cultural liberalism Peace (questions of war and peace, nuclear and other conventional 
weapons, military infrastructure, military spending, military 
service), Women’s rights (incl. equal treatment, abortion), LGTB 
(rights and recognition of lesbians, gay, transsexuals, bisexuals), 
International solidarity (development aid; anti-imperialism), 
Antiracism, rights of migrants more generally, Squatters 
mobilization (for autonomous living and cultural spaces)

Regionalism Separatism, regional independence, protection of regional 
interests, antiregionalist countermobilization

Cultural 
conservatism

Countermobilization to all aspects of cultural liberalism except for 
antiracism and migrants’ rights (which is in xenophobia)

Xenophobia Right-wing extremism, racist mobilization (against foreigners or 
ethnic minorities), anti-immigration

Political Representation, corruption, electoral reforms, and institutional 
issues in general

Others All other issues not covered by the previous categories
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proved to be a rather difficult task. First of all, a news wire may contain a summary of 
different types of political events with the relevant protest event being mentioned inter 
alia and easy to be overlooked. Second, a relevant document may contain references 
to more than one protest event, often times it may refer to a series of events in the same 
location (in this case the same city), which may be difficult to separate from each 
other—for example, a demonstration and a violent clash with the police that involves 
a subgroup of the demonstrators, a barricade, and a street theatre. The news wire may 
also report on different contemporaneous events in different cities in the same coun-
try—for example, demonstrations in the capital, but also in several minor centers 
across the country. Although we established clear rules how to deal with such situa-
tions, it proved to be difficult to apply them in practice. Third, one and the same protest 
event may be referred to several times in the document, but it may not always be easy 
to detect that it is actually the same event that is referred to. Fourth, a given event may 
be reported in passing in a news wire which focuses on another event in a different 
country.

Our definition of an event is that it is unique in terms of the combination of the 
action form, its timing, and its location at the city level. Hence, two descriptions of 
protest events in a document are equal if they happen on the same day, in the same city, 
and with the same action form. If one or more of these key elements of protest events 
differ, coders were expected to code multiple events.

In spite of all efforts to filter out irrelevant documents, we ended up in the manual 
coding phase with 59.0% of irrelevant documents. 26.3% of the documents were false 
positives that did not contain any events at all. In other words, only 33,655 of the 
45,680 documents sampled included some information on events (see last column in 
Table 1). In addition, however, another 32.6% of documents contained only informa-
tion on events that were already reported in other documents. Most of these documents 
containing duplicates of events only were identified by the manual coders as they went 
through the selected documents (27.3%), but a substantial share (5.3%) also consist of 
duplicates from documents containing only events that were already coded by differ-
ent coders from other documents. This confirms that even the most sophisticated 
(semi)automated selection procedure is not able to eliminate the problem of events’ 
duplicates in a fully satisfactory manner. This points to the need for further work on 
automated filtering.

Once the human coders separated single events from each other, they coded the 
following limited number of variables for every event: the date of the event, the loca-
tion of the event (if possible indicated at the level of communities), the action form, 
the issue addressed by the protest, the actors participating in or organizing the protest 
event as well as the number of participants (see Table 2, for the list of issue categories). 
We made a test of the quality of this manual coding with intercoder agreement scores 
collected right before and during the coding. More precisely, 14 coders received the 
same 65 documents at different times during their coding. We measure the level of 
agreement for both the identification of events and for the coding of the event attri-
butes. We focus on the most important attributes, which are the actors, issues, and 
number of participants. For the identification of the events, we assess whether two 
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coders agree on the date, country, and action form triples of every event they identify 
in the same document. Since this is an open-ended identification task—theoretically, 
there is an infinite number of possible date-country-action combinations, we report the 
unweighted F1 score that indicates the ratio of matched events to the sum of matched 
and nonmatched events. The averaged F1-score over all possible pairs of the 14 coders 
is 0.60 with a standard deviation of 0.06. The rather low F1-score reflects the difficulty 
of the task for the coders to identify an event.

As for the event attributes, we first aggregate the matches and nonmatches for the 
different attributes of each event which a pair of coders jointly identify in the same 
document. Second, we report Cohen’s Kappa on the aggregated number of agree-
ments. For each attribute, there is a fixed number of classes, which implies that our 
measure of agreement needs to be chance corrected. The average of Cohen’s Kappa is 
0.57 (standard deviation of 0.13) for the actors, 0.53 (0.13) for the issues, and 0.45 
(0.06) for the number of participants. It has been highlighted that the guidelines for the 
interpretation of Cohen’s Kappa values are oftentimes misleading (Gwet, 2014). 
However, values from 0.40 to 0.60 are usually defined as fair to good. It may be sur-
prising that these values are not better, given the limited number of variables to be 
coded and the low number of categories we used in our codebook. But this shows that 
the task of coding protest events from news wire sources is difficult, even for human 
coders, let alone for machines.

External Validation of the Data

As already discussed, it is well known that protest event data is subject to selection 
bias (Amenta et al., 2017; Earl et al., 2004; Ortiz et al., 2005; Weidmann, 2016). The 
fact that our sources are news agencies that publish in English leads to specific poten-
tial biases. Some of these biases are related to event characteristics. Thus, violent 
events, events organized by established political forces or events that coincide with 
important policy decisions carry more news value and are reported more often by 
news sources in general (Amenta et al., 2009; Oliver & Maney, 2000). Other biases are 
linked to the organization of the news agencies themselves (Andrews & Caren, 2010) 
and to the presence of news agency in a country (Wu, 2000). Hence, we first assess the 
presence of the 10 news agencies that we used as sources for our research in the 30 
countries included in our study. Table 3 shows that together the 10 news agencies have 
offices in all the countries except Cyprus and Luxembourg. In most countries, there 
are more than one news agency operating (this is the case in 22 of our 30 countries) 
and in the largest countries, such as France, Germany, and Italy, news agencies are 
located in more than one city. This shows that our multisource approach offers a sound 
coverage of most, if not all, of the countries that we study.

In addition, to externally validate the quality of our data, we compare it with two 
other types of data sets on protest events. First, we compare our data with the data from 
the ICEWS (Boschee et al., 2015). The ICEWS event data “contain about 30 million 
‘stories’ that are parsed and coded using NLP techniques based on word graphs using 
a specially developed ontology based on CAMEO” (Ward et al. 2013, pp. 1-10). The 
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Table 3.  Location of News Agencies in the 30 Countries.

Country City News agencies

Austria Vienna AFP, APA, DPA
Belgium Brussels AFP, ANSA, AP, DPA
Bulgaria Sofia AFP, APA (via BTA), DPA
Croatia Zagreb AFP, APA (via HINA)
Cyprusa — —
Czech Republic Prague APA (via CTK), CTK, DPA
Denmark Copenhagen AFP, DPA
Estonia Tallinn BNS
Finland Helsinki AFP, DPA
France Paris AFP, ANSA, AP, BBC, APA (via AFP), DPA
France Strasbourg DPA
Germany Berlin AFP, DPA
Germany Cologne BBC, DPA
Germany Frankfort AFP, APA (via DPA & Minds), DPA
Germany Hamburg APA (via DPA), DPA
Greece Athens AFP, DPA
Hungary Budapest AFP, APA (via MTI), DPA, MTI
Iceland Reykjavik DPA
Ireland Dublin DPA
Italy Milan AFP, ANSA
Italy Rome AFP, ANSA, AP, APA (via ANSA), DPA
Latvia Riga BNS, DPA
Lithuania Vilnius BNS
Luxembourga — —
Malta Valletta DPA
Netherlands Amsterdam DPA
Netherlands The Hague AFP
Norway Oslo AFP, DPA
Poland Warsaw AFP, APA (via PAP), BBC, DPA, PAP
Portugal Lisbon AFP, DPA
Romania Bucharest AFP, APA (via AGERPRES), DPA
Slovenia Bratislava APA (via TASR), DPA
Slovenia Ljubljana APA (via STA)
Spain Barcelona AFP
Spain Madrid AFP, ANSA, DPA
Sweden Stockholm AFP, DPA
Switzerland Bern APA (via ATS)
Switzerland Zurich AFP
Switzerland Geneva AFP, DPA
United Kingdom London AFP, ANSA, AP, BBC, DPA, PA, APA (via AFX)

aNo news agency based in this country.
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data come from a large number of media sources that span international, regional, 
national, and local sources. Compared with our semiautomated approach, the event 
detection is performed fully automatically. The news wires are processed by the com-
mercial software BBN ACCENT, which applies a range of natural language tasks and 
dictionary lookups for the automated recognition of events. Among other types of 
events, ICEWS event data also include information on demonstrations for all the 30 
countries and almost all years (all the years from 2001 up to and including 2014) cov-
ered by our study. For the specific action form of demonstrations, the comparison with 
ICEWS data should allow us to show to what extent our own data differ from or 
improve on a data set created by fully automated procedures.

Second, we compare our semiautomated data set with different data sets based on 
the manual coding of national newspaper articles and news reports for a sub-set of 
Northwestern, Eastern, and Southern European countries. These data sets have been 
collected by different teams of researchers and therefore cover different periods of 
time.13 They allow us to confront the number and types of events that we find in the 
newswires published in English to the events found in the national press. This allows 
us to estimate potential biases related to the relative sparsity of our data. This compari-
son can establish which kinds of events make it into the international press, and which 
events are systematically excluded.

Comparison With the ICEWS Data

The most important question is whether the overall level of demonstrations and the 
dynamics of the time-series provided by our data are similar to the corresponding lev-
els and dynamics provided by ICEWS. Figure 1 allows a comparison of the levels and 
trends in the two time-series over all countries. The graph on the left shows the monthly 

Figure 1.  Monthly number of protests (left) and 5-monthly moving averages (right) for 
ICEWS and our own protest data.
Note. ICEWS = Integrated Crisis Early Warning System.
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aggregated numbers of protests, the one on the right the 5-monthly moving averages. 
First, it is clear that the level of the ICEWS time-series is far higher than that of our 
data. As it turns out (not shown here), the monthly discrepancies between the two 
series do not follow a systematic pattern but their development is rather stationary. 
This implies that the discrepancies between the two data sets are independent from a 
specific time period and thus specific events. The discrepancies are most likely the 
result of overreporting of demonstrations in the ICEWS data. This can be shown by a 
detailed qualitative analysis of the largest country-specific monthly differences 
(Wueest & Lorenzini, 2020). Thus, the ICEWS data contains events that would have 
been classified into other action form categories by our human coders (e.g., violent 
demonstrations) or not considered as protest event at all (e.g., police violence). Finally, 
it is also very likely that the ICEWS data contains many duplicates of events, just as 
our data set did before we cleaned it manually.

Second, with regard to the development over time, the ICEWS data has many 
peaks, while our data only shows three substantial ones: the Iraq war demonstrations 
in 2003, the protests following the meltdown of the global financial system in 2008, 
and the protests during the Eurozone crisis in the years after 2010. This may be a result 
of the greater number and range of sources used by ICEWS. Third, the comparison of 
the raw numbers on the left and the 5-monthly moving averages on the right shows 
that for descriptive and visual analyses, the smoothed data provide a better idea of 
what is going on.

The discrepancies between the two types of data vary a lot from one country to the 
other. Figure 2 shows the distribution of correlation coefficients for the time series 
related to the number of protests across our 30 countries for different levels of aggre-
gation and varying degrees of smoothing. On average, we get a closer congruence of 
the two data sets for both a higher level of aggregation and a higher degree of smooth-
ing. If we compare quarterly time series instead of monthly series, the median for the 
correlation coefficients increases from 0.51 to 0.58. If we additionally increase the 
degree of smoothing, the median correlation coefficient increases to the maximum of 
0.66 for the time series with 10-quarterly moving averages. By increasing the degree 
of smoothing and level of aggregation, we can thus assume that some of the coding 
and selection errors are straightened out and the data sets become more comparable. 
However, while the average congruence increases, so does the spread among the 
countries. The comparison of the time series with the 10-quarterly moving averages is 
the most extreme. While the two data sets correlate with an impressive 0.98 for Greece, 
the correlation is clearly negative for Finland (−0.25). Hence, we face a trade-off 
between the average level and the variation of the two data. Testing different combina-
tions of smoothing and aggregation, we conclude that the comparison of the monthly 
aggregated time series that are smoothed by a 5-monthly average offers the best solu-
tion to this trade-off. The correlation for Finland still is virtually nonexistent (0.06), 
but besides this singular odd result, no other country has a lower correlation coeffi-
cient than 0.20.

More detailed analyses (Wueest & Lorenzini, 2020) show that the size of the dif-
ferences depends on the region. Differences are higher for Northwestern and 
Southern Europe than for Central- and Eastern Europe. This can be explained by the 
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fact that the newer democracies in Central and Eastern Europe are less well covered 
by international news agencies. In consequence, the selection bias in the sources of 
both data sets is smaller. Furthermore, the size of the country is positively correlated 
with the discrepancies between the two data sets. Given that international news 
agencies are more present in larger countries, the number of protest events reported 
in both data sets is larger which also implies potentially larger discrepancies. The 
sampling probabilities which we applied for our manual coding for reasons of feasi-
bility are likely to have induced some bias into the data generation, too, which is 
why we weight for sampling probabilities in the analyses of our data. Finally, we do 
not find any systematic discrepancies between specific news agencies or years cov-
ered for the two data sets.

Comparison With Data Based on National News Sources

For the comparison with national news sources, we rely on detailed data mainly for 
three countries—one in each region: Hungary, Spain, and Germany. These data have 
been graciously provided by other researchers. For Hungary, we rely on data from 
(Ondřej & Vráblíková, 2019),14 from Martín (2020) for Spain, and from Hutter 
(2014b) for Germany. The Hungarian data comes from the national news agency, 
while the Spanish and German data come from the national press. Table 4 and 5 

Figure 2.  Country-specific correlations between ICEWS and our own data for different 
levels of aggregation (monthly, quarterly) and different types of moving averages (3, 5, or 10).
Note. ICEWS = Integrated Crisis Early Warning System.



16	 American Behavioral Scientist 00(0)

present a comparison of our data with the data from the national sources with respect 
to three criteria that are particularly critical for the question of bias: action form, 
location, and size of the protest events. Overall, the discrepancies we find with 
regard to these three criteria are largely related to the way news wires operate and to 

Table 5.  Location and Size by News Source for the Three Countries (Percentages).

Germany Hungary Spain

  International National International National International National

Capital 23.0 11.6 57.6 36.6 33.9 27.3
Large citiesa 22.5 33.1 4.2 8.5 16.0 31.1
Nation-wideb 12.0 18.2 28.3 3.3 22.3 0.1
Other 42.5 37.1 9.9 51.6 27.8 41.5
Total (%) 100 100 100 100 100 100
Nc 5,908 1,697 2,104 3,716 5,404 2,002
Large events 

(>10,000)
19.7 12.2 17.9 4.8 25.2 16.1

Totald (N) 3,576 1,238 896 1,770 2,236 1,363

Note. Bold cells have higher adjusted residuals than expected (>1.96).
aLarge cities exclude the capital and comprise cities >500,000 inhabitants for Germany (Hamburg, 
Munich, Cologne, Frankfurt am Main, Essen, Stuttgart, Dortmund, Dusseldorf, and Bremen), and 
for Spain (Barcelona, Valencia, Sevilla, Zaragoza, and Malaga); and >100,000 inhabitants for Hungary 
(Miskolc, Nyiregyhaza, Debrecen, Keckskemet, Gyor, and Szeged). bFor Germany and Spain, the data 
resulting from the coding of national news do not include a specific code for protest events taking 
place in the whole country. We create a proxy using a code to identify events taking place on the same 
date, addressing the same issues, but taking place in different locations. cThe total number of events is 
multiplied by the sampling probability. We multiply the events found for Germany, Hungary, and Spain by 
four. dThe total number of events is smaller here since for many events the number of participants is not 
mentioned in the news.

Table 4.  Forms of Action by News Source for the Three Countries (Percentages).

Germany Hungary Spain

  International National International National International National

Demo. 60.5 48.6 50.0 52.6 44.8 45.0
Strikea — — 19.2 5.1 14.1 10.4
Violent 31.2 19.7 19.2 33.9 30.1 19.8
Other 8.3 31.7 11.6 8.5 11.0 24.8
Total (%) 100 100 100 100 100 100
Nb 5,908 1,697 2,104 3,716 5,404 2,002

Note. Bold cells have higher adjusted residuals than expected (>1.96). Demo. = demonstrations.
aStrike data are not available in the German national news data set. bThe total number of events is 
multiplied by the sampling probability. We multiply the events found for Germany, Hungary, and Spain by 
four.
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the specific criteria of newsworthiness they apply. In other words, they are related to 
the source we use, which, as already pointed out, displays some well-known biases.

First, with respect to action forms, we find that demonstrations represent about half 
of the events, irrespective of the source—the German data are not comparable in this 
respect, because they do not include any strikes. For Hungary and Spain, international 
sources report a larger share of strikes than the national ones. Regarding violent action, 
we observe differences between national and international sources but these vary 
across countries. While in Hungary, the national sources report more violent events, in 
Spain they include fewer. The country-specific differences with regard to the reporting 
on violence are related to the fact that violence in Hungary often occurs in rural 
regions, which is missed by international news agencies, while in Spain, violence is 
mostly committed by ETA, an organization that is very much attended to by interna-
tional news wires. Table 4 also shows that other forms of action represent a smaller 
share of all actions reported for Spain in the international news (11.0% compared with 
24.8% in the national news). Similarly, in Germany, international news include fewer 
“other action forms” because it is very difficult to capture the unconventional forms of 
protest which are lumped together in the residual category. For example, action forms 
such as environmental activists sitting in trees in order to prevent them from being cut, 
or environmentalists intercepting whaling ships with rubber boats are very difficult to 
capture systematically.

The comparison with regard to location presented in Table 5 reveals that interna-
tional news sources overreport protest taking place in the capital of each one of the 
three countries, and in the country as a whole in two out of the three cases (in Hungary 
and Spain, but not in Germany). This is again a result of the way international news 
wires operate: they pay greater attention to the events in a country’s capital, and often 
report in a summary fashion on events taking place simultaneously in different loca-
tions in the same country. The German data are again not entirely comparable with 
respect to the summary category “country as a whole,” which explains why we do not 
find a corresponding discrepancy in this case. Third, the residual category, other loca-
tions, appears more frequently in the data drawn from national than international 
sources. This is the case in Hungary and in Spain. Last, news wires are also selective 
with regard to the size of protest events as measured by the number of participants: 
they clearly focus on large events, while smaller events tend to escape them. This is 
particularly true of a small country like Hungary without an English-language news-
wire of its own, but less so for larger countries. Thus, we find the same effect, but to a 
reduced extent for Germany, but not for Spain, where our news agencies seem to have 
been rather representative with regard to the size of the events.

Table 6 reports the explanatory power of different sets of predictors that account for 
the news worthiness of specific protest events. We run a logistic regression on protest 
events reported in the international news to identify the sets of predictors that account 
for the reporting of protest in the international news in comparison with national news. 
We introduce our sets of predictors following a stepwise approach, the predictors 
include the three features of protest events discussed above (location, size, and action 
form), as well as the year of the protest event, the issue addressed, and the actors 



18	 American Behavioral Scientist 00(0)

participating in the event. We run the logistic regression separately for six countries 
that is the three countries already discussed above (Germany, Hungary, and Spain) and 
three additional ones (Poland, the Netherlands, and the United Kingdom).

Looking first at the predictive power of the full model, the results show that the 
predictive power of the set of six predictors is largest for Hungary and Spain, two 
countries which do not have their own English-language news-wires; in Spain, we 
explain as much as 45.9% of the discrepancies and in Hungary 31.6%. By contrast, the 
explanatory power of the predictors is lowest for Germany (15.6%) and Great Britain 
(12.0%), two large countries with their own English-language news wires. In these 
cases, the discrepancy is more difficult to predict by our set of predictors, because it is 
less likely to hinge on the way international news wires operate, but depends on idio-
syncrasies of the respective sources. Poland (with 18.8% explained) and the 
Netherlands (with 17.8% explained) fall in between the two types of countries: in 
these two countries, differences between protest events that appear in the international 
or in the national news also tend to be difficult to account for with our set of predictors 
of news worthiness.

Looking at specific sets of variables, we observe that in Spain and Hungary, the 
location of the events already carries a strong explanatory power (14.8% and 18.4%, 
respectively). This is exactly what we expected based on the way international news 
wires operate, focusing on events that take place in the capital, in large cities, or across 

Table 6.  Explanatory Power of Differents Sets of Predictors Across Countries (Pseudo R2 
for Logistic Regressions).

Stepwise 
models

Sets of predictors 
added to the model Spain Hungary Poland

The 
Netherlands Germany

Great 
Britain

Step 1 Location .148 .184 .043 .090 .026 .046
Step 2 Size .197 .200 .102 .107 .045 .063
Step 3 Action form .228 .210 .135 .122 .121 .067
Step 3b Action form # location .262  
Step 4 Year .251 .289 .150 .148 .127 .086
Step 5 Issues .282 .301 .178 .148 .144 .115
Full model Actors .459 .316 .188 .178 .156 .120
  N 3,353 4,242 7,555 692 3,174 2,192

Note. This table presents the pseudo R2 for stepwise logistic regressions that we ran on six countries. 
The dependent variables that we predict measure whether protest events appear in international news 
or in national news. The units of analysis are protest events identified as a specific action form that 
takes place on a given date (a 24-hour day) in a given location (a city or an entire country). The different 
sets of predictors added as independent variables in each step of the logistic regression account for the 
characteristics of protest events that influence their news worthiness. As predictors, we use location 
(events taking place in the capital, in other large cities, and across the country), event size, action forms 
(demonstrations, strikes, violent event, other), the year (2000 to 2011), issues (economic and political), 
and actors (political parties, trade unions, other civil society organizations). In the western countries 
(Germany, Great Britain, and the Netherlands), the national data sets do not include strikes (so we only 
consider three action forms) and we do not have a variable to capture political issues (so we focus on 
economic issues).
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the whole country. However, in the other four countries, the location of the events 
plays a more limited role in accounting for the reporting of the event in the interna-
tional news (between 9% in the Netherlands and 2.6% in Germany). Adding the size 
of the events, further increases the predictive power by 4.9% in Spain and by 5.9% in 
Poland. By contrast, in Hungary, size alone adds little predictive power to the model. 
Yet when we include action forms, as well as the interaction between action forms and 
location, the model accounts for 26.1% of the variance between international and 
national news reporting. More generally, adding action forms to the model brings little 
in terms of its explanatory power (between 0.4% in Great Britain and 3.3% in Poland), 
the only exception being Germany where the action forms adds 7.6% to the explana-
tory power. In this large country, with more than one domestic news agency, the action 
form accounts for differences in reporting when comparing international with national 
news, while the location and size are less important.

The table reveals smaller variations across countries when we add predictors 
accounting for years, issues, and actors. The only exception for these three sets of 
predictors refers to the high predictive power of actors in Spain. In this case, adding 
political parties, trade unions, and other civil society organizations as predictors 
increases the predictive power of the model by 17.7%. This is related to two distinct 
features of the international press: (a) it pays more attention to events that are not 
organized by political parties, trade unions, and other civil society organizations (such 
as the indignados movement and related protest actions) than the national news; and 
(b) international news is less likely to account for the presence of these actors in the 
protest event. Overall, our comparison of international and national news sources 
shows that biases stemming from international news sources correspond to media 
attention biases—in particular, a focus on large protest events that take place in the 
capital or in the entire country.

Conclusion

We have described our procedure for identifying and coding protest events in 30 
European countries during the period 2000-2015. We applied a hybrid procedure that 
combines the strengths of machines and humans in coding a broad set of political 
events. We relied on an extended NLP tool pipeline in order to identify relevant news 
documents prior to the manual coding of protest events from them. While we can be 
quite confident that the share of relevant documents filtered out by our selection pro-
cedure is very low (close to 5%), we should keep in mind that even low percentages of 
false negatives may still make for large absolute numbers, given that we have filtered 
out millions of documents which were originally selected based on the keywords. Our 
selection procedure was also not able to exclusively identify relevant documents, as it 
turned out that roughly a fourth (26.3%) of the documents selected did not contain any 
events. Moreover, roughly a third of the documents (32.6%) contained only duplicates 
of events that have been already reported in other documents.

In the manual coding phase, the task was two-fold: identify all the relevant events 
in a given document and then code a limited number of attributes. As our reliability 
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tests indicate, both of these tasks proved to be difficult even for manual coders, but we 
achieved a reasonably good quality of coding.

The comparisons of our data set with a data set produced by fully automated proce-
dures (the ICEWS data on demonstrations) and with data sets produced by manual 
selection and coding (selected data sets for several countries from the three regions) 
suggests that each type of data has its advantages and disadvantages. The ICEWS data 
provide many more demonstrations than our data set, but our detailed analysis sug-
gests that this is, at least partly, due to overreporting on the part of ICEWS. The 
dynamics over time are quite similar for some countries (e.g., Greece), but very differ-
ent for others (e.g., Finland). We have uncovered some of the factors responsible for 
the discrepancies, but in the final analysis we are unable to tell which type of data is 
better able to reproduce the “real” dynamics. With regard to the comparisons with data 
sets produced by manual selection and coding, we detected a number of discrepancies 
that are clearly linked to the way international news wires operate: they tend to pay 
particular attention to large events taking place in the national capital or “in the whole 
country,” and to events during peak protest periods in a given country. These factors 
are best able to explain the discrepancies for countries without their own national 
English-language news agency. For the countries that have such news agencies, we 
were less able to account for the discrepancies between our data and the data manually 
identified and coded in national news sources.

Our study offers a detailed discussion of a semiautomated approach to retrieve 
protest events from international news agencies. In addition, it provides key insights 
into the biases that this method carries into the final data set. New research in the field 
combines the automated study of text and images to identify protest in social media 
(Zhang & Pan, 2019). In addition, more research is needed to combine sources written 
in different languages and to study on symbolic action forms that are most difficult to 
identify for both human coders and machines.
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Notes

  1.	 http://www.lexisnexis.com/
  2.	 We include the following news agencies: AFP, AP, APA, BBC, BNS, CTK, DPA, MTI, PA, 

and PAP. Our goal was to include the major news agencies (AFP, DPA, and PA) and some 
regional ones covering Eastern and Southern Europe more in depth.

  3.	 Query string “initiative OR referendum OR petition! OR signature! OR campaign! OR 
protest! OR demonstrat! OR manifest! OR marche! OR marchi! OR parade OR rall! OR 

http://www.lexisnexis.com/
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picket! OR (human chain) OR riot! OR affray OR festival OR ceremony OR (street the-
atre) OR (road show) OR vigil OR strike! OR boycott! OR block! OR sit-in OR squat! OR 
mutin! OR bomb! OR firebomb! OR molotov OR graffiti OR assault OR attack OR arson 
OR incendiar! OR (fire I/1 raising) OR (set AND ablaze) OR landmine OR sabot! OR 
hostage! OR assassinat! OR shot OR murdered OR killed.”

  4.	 Table 1 shows the order in which the pipeline has been applied. The two deduplication 
steps do not follow each other in this pipeline. Since they conceptually belong together, we 
discuss them together in the text.

  5.	 Jaccard similarity is defined as the size of the intersection divided by the size of the union 
of the document signatures. For our implementation, see https://gitlab.cl.uzh.ch/rothenha/
nearDuplicateDetection/

  6.	 We pick the optimal threshold value by manually evaluating 100 duplicate pairs for each of 
the following thresholds: 0.65, 0.70, 0.75, and 0.80. For a threshold value of 0.75, we find 
no errors.

  7.	 These countries are AUT, BEL, BGR, CHE, CYP, DNK, FIN, GRC, ISL, LUX, MLT, 
NLD, PRT, ROU, SVK, SVN, and SWE.

  8.	 Europe here refers to EU-27 plus Iceland, Norway, and Switzerland.
  9.	 In machine learning, a classification model (e.g., logistic regression) is called a classifier. 

Training a classifier means fitting a classification model to data. Independent variables are 
called features (Justin & Stewart, 2013).

10.	 CZE, DEU, ESP, FRA, GBR, HUN, IRL, ITA, LVA, and POL.
11.	 BEL, DNK, EST, GRC, NOR, PRT, and SVK.
12.	 AUT, BGR, CHE, CYP, FIN, ISL, LTU, LUX, MLT, NLD, ROU, SVN, and SWE.
13.	 The sources are MTI (Hungarian News Agency Corporation) for Hungary, El Pais for 

Spain, Frankfurter Rundschau for Germany, PAP (Polish Agency Press) for Poland, CTK 
(Czech News Agency) for the Czech Republic, TASR (Agency of the Slovak Republic) 
for Slovakia, the Guardian for the United Kingdom, and the NRC/Handelsblad for the 
Netherlands.

14.	 The author provided an update of his data set for Hungary and Poland for the period 
2011-2015 on our request. The original study covered the period 1989-2011 (see 
Ondrej Cisar: Collective action and protest in East-Central Europe, project proposal 
submitted to the Czech Science Foundation—Part C. Project description, Reg. number 
P404/11/0462).
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