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Abstract

Data from text is a cheap, accurate, and useful source of empirical data for
researchers in political science, but most work relies on English language text
from international sources. Differences in coverage between international and local
sources raises concerns that findings may be biased by the source material used.
We investigate the relationship between protests in 2011 Syria and subsequent
violence and demonstrate that the results are substantially different using data
coded from English and Arabic news sources. Data coded from Arabic sources
recovers an estimate from gold standard data (Mazur 2018), but the relationship
becomes insignificant when using English language data, both hand- and machine
coded. These results suggest that applied researchers should include text from the
local language when using automated text analysis to study subnational outcomes
and methodologists should continue to develop text analysis tools for non-English
text.

Text analysis, both manual and automated, is widely used in political science to gen-
erate data on political phenomena.1 Researchers have long known that local news
sources can contain very different information than international reporting, for rea-
sons of access and audience interest (Davenport and Ball 2002; Schrodt, Simpson, and
Gerner 2001; Baum and Zhukov 2015). Despite this, researchers often draw on English
language sources when compiling datasets from text because English text is widely
available, many automated tools are designed for English, and researchers may not
speak the local language of an area. For instance, in the past two years, international
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news reporting in English has been used to study riots, protests, violence, and repres-
sion in Africa (Christensen 2018; Abbs 2019; PITF, n.d.), violent contestation around
elections (Daxecker, Amicarelli, and Jung 2019), violence around coups (Easton and
Siverson 2018; De Bruin 2019), resistance movements’ strategies (Cunningham, Dahl,
and Frugé 2019), and refugee-related violence (Gineste and Savun 2019). Other work
uses automated text analysis methods applied to English language text to forecast po-
litical violence and instability (Tikuisis, Carment, and Samy 2013; Shellman, Levey,
and Young 2013; Mueller and Rauh 2017). While many scholars use text in the local
language (e.g., among many, Lyall 2010; Toft and Zhukov 2015; Osorio and Reyes
2017; Kim 2018; Sullivan 2019), scholars have long recognized that the availability of
tools in other languages can lag behind English, making making the over-representation
of English a growing concern as text analysis is increasingly automated (Lucas et al.
2015).

We demonstrate the risks of studying subnational political phenomena using only data
from international, English-language sources. We show that data produced from two
languages, English and Arabic, leads to different conclusions on a question of substan-
tive importance: the relationship between anti-government protests and subsequent vi-
olence in the Syrian civil war. A hand-coded gold standard dataset of protests (Mazur
2018) shows a significant effect of protests on subsequent civilian casualties in the civil
war. A semi-automated dataset that we compile using Arabic language text recovers
this significant effect. In contrast, three separate datasets of protests coded from En-
glish text (manually and automated) fail to find any significant relationship between
protests and subsequent civilian casualties.

Existing research has shown several problems with using news text to study subnational
outcomes, and political violence in particular. Baum and Zhukov (2015) show that the
home regime of an international news source affected how it covered the civil war in
Syria. Others have shown a geographic bias in machine-coded event data from English,
with capital cities and urban areas overrepresented (Hammond and Weidmann 2014;
Weidmann 2016), which is a wider problem in conflict studies (Kalyvas 2004). Existing
work has not studied whether substantive research findings vary depending on the text
data used.

Protests and violence in Syria
Scholars are interested in the relationship between political mobilization and subsequent
violence in civil war (Shellman, Levey, and Young 2013; Balcells 2017), arguing that
wartime violence by the regime is used to target political opponents. Protests, by
design, serve as a public signal of opposition to the regime (Ritter and Conrad 2016).
While this signal is useful for motivating other participants (Petersen 2001) it also
reveals information to the government that can be used for repression (Davenport 2007).
Protests in Syria, in particular, have received a large degree of scholarly attention, with
attempts by several scholars to measure pre-war political mobilization and protests
(Mazur 2018; Halterman 2018; Ash and Obradovich 2020). Substantively, we would
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Figure 1: Differences in coverage between regional and international sources drawn from our
collection of English and Arabic text from LexisNexis. The two sources are reporting on the
same event, but the coverage in the Arabic-language Al-Watan provides much greater detail on
the number of people involved and the specific location within Idlib where the protest occurred.

like to estimate the effect of a location experiencing protests in the early phrase of the
conflict on subsequent violence during the war in Syria:

𝑦𝑖 = 𝐷𝑖𝛽 + 𝑋𝑖𝛾,

where 𝑦𝑖 is a measure of civilian casualties, 𝐷𝑖 is the number of protests, 𝑋𝑖 is a vector
of controls, and 𝛽 is our quantity of interest. Work by previous scholars has provided
several measures of the number and location of protests in Syria. If these datasets
are equally valid, using their estimates of 𝐷𝑖 will not produce meaningfully different
estimates of ̂𝛽. If, however, alternative measures of 𝐷𝑖 produce different estimates, this
indicates that the relationship is depending on the measurement technique used.

We use a dataset of hand-coded protest events provided in Mazur (2018) as our baseline
estimate of protests. This data was collected from Arabic-language, pro-regime and
pro-opposition newspapers and records the date, location, size, tactics, and response
to protests in the early phases of the Syrian civil war. Because it was compiled from a
range of sources by a scholar who specializes in the conflict, we treat this dataset as a
gold standard report on protests in Syria. We take data for control variables, such as
the size, ethnic composition, and percentage of government workers in each town from
both Mazur (2018) and Khaddour and Mazur (2018). Out of 5,200 towns in the set of
unique towns, 130 experience a protest according to Mazur’s data.

Ash and Obradovich (2020) provide two other alternative measures of protest locations
in Syria. The primary data that they use is a set of protests drawn from ICEWS,
a machine coded dataset that codes events from English-language text (Boschee et
al. 2015). Protests are recognized using a set of key terms in a dictionary and are
automatically resolved to geographic locations (Lautenschlager, Starz, and Warfield
2017). As an alternative measure of protests, Ash and Obradovich (2020) also hand-
code protest occurrences and locations from English language news reporting accessed
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through LexisNexis.

We provide two further datasets for comparison. First, we generate a machine coded
dataset of protest locations from English text using a supervised classifier trained on
hand-labeled sentences and using off-the-shelf tools to recognize place names in text.
We apply this to a set of English-language text drawn from LexisNexis.2 We use this
data to illustrate the easiest case of data creation: a supervised classifier on English
language text. We also create a dataset of protests from Arabic text. We downloaded
every Arabic-language article from LexisNexis published in 2011 and containing the
word “Syria”. We trained a classifier to detect protests using 700 labeled examples
and used the classifier to return articles that are likely to describe protests. We then
validated these reports by hand and extracted the locations of protests reported in the
stories. Figure 1 shows an example of two sentences from our data, one in Arabic and
one in English, reporting on the same protest in Idlib province.

Data on our outcome variable, civilian casualties in the Syrian civil war, comes from a
dataset provided in Halterman (2018). This dataset reports the coordinates and causes
of over 100,000 civilian deaths during the war. We limit the count of casualties during
the first year of the armed conflict (July 2011–July 2012) because later phases of civil
wars become increasingly driven by “endogenous” processes of civil war, rather than
political factors at the beginning of the war (Kalyvas 2006).

Mazur’s dataset reports coordinates for each location, but neither of the English-
language datasets reported geographic coordinates. To merge the data together, we
automatically geocoded each place name (Halterman 2017) and assigned protests or
casualties to the closest location in Mazur’s dataset.

Measurement-induced differences in the protest–violence relationship
Figure 2 shows the correlation between three datasets on protest locations: the English-
language hand coded data from Ash and Obradovich (2020), data hand coded from
English and Arabic sources by Mazur (2018), and our new set of semi-automated
data coded from Arabic language text. The figure shows systematic underreporting
of protests in the dataset produced from English language text compared to the “gold
standard” data that Mazur provides.3 The correlation between Mazur’s data and the
data we code from Arabic language text is much better, though both data sources have
locations that they alone report protests occurring in.

The difference in measurement also produces substantively different findings. Figure
3 shows the coefficients of a linear probability model regression of whether a location
experienced civilian casualties during the first 12 months of the war on the number
of protests in that location, as reported by different datasets. The models control
for population, the percentage Alawite, and the percentage of government workers

2Details on the classifier and named entity recognition system are available in the Appendix.
3The underreporting is similar for ICEWS data.
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Figure 2: Correlation between the number of recorded protests in three datasets showing
consistent under-reporting in English. Axes show the number of protests, plus one, logged.
The left panel shows the correlation between Mazur’s protest dataset coded from both English
and Arabic and Ash and Obradovich’s hand-coded English language dataset. The right panel
shows the correlation between Mazur’s dataset and our semi-automated dataset, coded from
English. The 45 degree line marks perfect correlation: the points above the line represent
protests that are under-reported in the alternative datasets.

(Khaddour and Mazur 2018). The two datasets that use Arabic text find a significant
effect: protests are correlated with subsequent violence during the war. In contrast,
the three datasets that rely exclusively on English language text find a positive but
insignificant effect.

Implications
Our results demonstrate that the text sources used can affect the conclusions reached.
A researcher with access only to international, English-language news sources would
conclude that there is no significant relationship between protests and violence, regard-
less of whether the data was machine coded or hand coded. According to both hand
coded and semi-automated data from Arabic text, this conclusion would be incorrect.
In this context and for this question, the Arabic language data is more accurate in
uncovering the relationship between protests and violence. This provides evidence that
researchers using machine learning methods on text to measure subnational phenomena
should use local sources in the local language, rather than relying only on international,
English language reporting. Second, it suggests that while useful and cheap to produce,
data derived automatically from text data is not without biases.

As researchers increasingly use text analysis to study subnational political phenomena,
they will need to ensure that their conclusions are not colored by their reliance on
international or English language sources. This concern will only become greater as
automated techniques for text analysis become more widely used. Methodologists will
need to continue their work in cross-lingual techniques for text analysis (e.g. Lucas
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Figure 3: Coefficients from a linear probability model regression of whether a location expe-
rienced civilian casualties during the first year of the war on protest counts from five sources.
The two sources that use Arabic text find a significant effect while the two sources using
English-language text find no significant effect.

et al. 2015), providing guidance on decisions such as stemming and tokenization for
non-English languages, research on how well different statistical classifiers work for
highly-inflected languages, and employing models for natural language processing that
are built for non-English languages.
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