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The revolutionary movements that comprised the 2011 Arab Spring catalyzed a major new research
agenda in Middle East political science, which sought to make sense of the drivers, contours, and
dynamics of protest across the region. The methodologies embraced in this scholarship have been
diverse and eclectic, but one of the most widely used approaches has been to analyze protest event
datasets. As I explain in a recent article in Medjterranean Politics, which forms the basis for this short
essay, these datasets are inventories of contentious events that meet certain criteria and that occur in
a delimited time and place.' The researcher collects information about each event (e.g., the timing,
location, size, demands, and participants) and then examines variation across these dimensions in an
effort to understand the features and characteristics of a particular mobilizational wave. Though
event analysis had been used occasionally by MENA-focused scholars before the Arab Spring,” the
technique became much more popular after the uprisings, deployed to study mobilization in places
as diverse as Tunisia, Algeria, Morocco, Egypt, Lebanon, Syria, and Iraq.

One of the thorniest challenges in collecting and analyzing event data is selecting which sources will
be consulted to build the dataset. Newspapers are the most commonly used source, with researchers
relying on reporters’ descriptions of protests in their news articles to collect and code their data.
Some datasets are also built using social media data, human rights reports, and/or government
archives. However, no combination of sources, no matter how exhaustive or comprehensive, reports
on every event that occurs, leaving researchers to reckon with the fact that their event datasets are
inevitably a selective sample of the broader mobilizational whole. If the sample of events in the
dataset is somehow not representative of that broader whole — because the sources used are
reporting on certain types of events more than others — then the researcher runs the risk of drawing
incorrect conclusions.” For example, if the researcher is using a newspaper that reports on large,
violent events more than small, non-violent ones (which are potentially considered less
‘newsworthy’) then the resulting event dataset will paint a picture of an uprising or a movement that
is far more violent and explosive than it may have actually been.
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The challenges of sourcing in event analysis are particularly acute for scholars doing research on a
non-English speaking part of the world. In the aftermath of the Arab Spring, many Middle East
political scientists insisted that the only event data that would even come close to approximating the
true patterns of mobilization on the ground would have to be sourced from Arabic-language
newspapers. The alternative was to use MENA event datasets that had already been built as part of
broader data collection projects — e.g., the Armed Conflict Location & Event Data Project
(ACLED), the Social Conflict Analysis Database (SCAD), or the GDELT Project.* But these
datasets were primarily based on English-language sources, like the international wire services AP,
AFP, and Reuters, and many Middle East scholars argued that these sources were likely to have
serious biases in which protests covered. Though it would require significant investment of time and
resources, they insisted that instead scholars should build and analyze orzginal event datasets using
local newspapers that write and report in Arabic.

In this short essay I evaluate these claims by comparing one locally-sourced event dataset focused on
Egypt to two off-the-shelf datasets that rely primarily on English language sources (ACLED and
SCAD).” The datasets cover a particularly eventful petiod of Egyptian history — the eighteen months
directly preceding Abdel Fattah al-Sisi’s counterrevolutionary coup in July 2013, when Egypt was
awash with protest and unrest. The locally-sourced data come from the major Egyptian daily
newspaper a/-Masry al-Youm.® The compatrisons reveal not only that the off-the-shelf datasets contain
far fewer events than the locally-sourced one, but also that their datasets appear to be biased in the
types of events they include: they tend to capture a larger proportion of events during more intense
political periods, and they overcount large, urban, violent, and political events.

We can begin by comparing raw protest counts in the three datasets. I consider all contentious
events that occurred in Egypt from January 1, 2012 to July 3, 2013.” My dataset, based on a/-Masry al-
Youm, captures 7,522 events that meet this description. SCAD uses the wire services AFP and AP to
source its data, and identifies 593 events over the same period. ACLED uses a broader range of
sources, including wires as well as international news websites like the BBC and Egyptian English-
language newspapers. Its dataset includes 1,014 contentious events over this period.® These numbers
imply that off-the-shelf datasets are capturing somewhere between 13% and 8% of the events
identified in a single local-language source. To put this in perspective, the SCAD researchers have
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argued, based on a different methodology, that their dataset covers 76% of all the events that occur
in Africa.’

Figure 1: Monthly Event Counts (Author data, ACLED, and SCAD), Jan 2012 — Jun 2013
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Figure 1 shows the monthly count of events for all three datasets. The figure also plots two lines
representing the percent of monthly events in SCAD and ACLED compared to the monthly counts
in my dataset. For SCAD the share ranges from 5% to 11%, and for ACLED it ranges from 3% to
28%. We also see in these trend lines signs of certain temporal biases. The ACLED dataset,
especially, begins to capture a far higher percent of events after October 2012 and through the first
half of 2013. This trend coincides with an increase in national news attention on Egypt, as the
government headed by President Mohamed Morsi found itself engulfed in crisis and the
counterrevolutionary movement to oust him gained momentum. The figure suggests that during
such periods of heightened political tension and increased international scrutiny, ACLED’s reliance
on English-language and international news sources may result in it overstating the degree of unrest
and contention in a country."
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Figure 2: Urban Share of Events (Author data, ACLED, and SCAD)
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Next, I examine the distribution of events in the three datasets according to various protest
characteristics: location, size, violence, and demands. I look first at the location of events, as scholats
have found that newspapers and wire services are often biased in their coverage toward events that
occur in cities. Figure 2 shows the distribution of events in the three datasets that occurred in urban
versus rural locations. All three datasets include a large share of urban events, which partly reflects
the simple fact that protests often occur in cities. However, whereas 24% of events in my dataset
occur in rural locations, rural events make up only 4% of ACLED’s data and 14% of SCAD’s data,
suggesting that both datasets may be over-counting urban events.



Figure 3: Distribution of Events by Number of Participants (Author data and SCAD)
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The next three figures compare my data only to SCAD, which includes a larger number of event-
level variables than ACLED’s data (e.g., size, repression, and demands). Figure 3 compares the
distribution of events in the two datasets according to the number of participants, since larger events

tend to receive more coverage in newspapers than smaller ones. Events were divided into five
categories: those of more than 1,000 participants, 100-999 participants, 10-99 participants, less than
10 participants, and events where the reporting did not indicate a participation number. The figure
reveals that SCAD’s use of wire services for its sourcing does indeed result in a bias toward larger
events: only 10% of its events include less than 100 participants, versus 44% in my dataset. In
addition, SCAD has a higher share of events (37% versus 25% in my dataset) for which the number
of participants was not reported, presumably because wire services include less rich and detailed
information on protests.



Figure 4: Distribution of Events by Repression Level (Author data and SCAD)
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Reporters are more likely to report on protests that involve more violence, which are generally
regarded as more newsworthy than nonviolent protests. Figure 4 reveals that, indeed, SCAD’s data is
biased toward violent events — specifically, events that were repressed. The figure plots the
distribution of events according to the level of repression they encountered: lethal repression, non-
lethal repression, or no repression. The SCAD dataset disproportionately includes events that
experienced repression (29% versus 12% in my dataset), especially those involving lethal repression
(9% versus 1% in my dataset).



Figure 5: Distribution of Events by Demand Type (Author data and SCAD)
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Finally, I compare the distribution of events according to the main demand that was raised. Though

there are some issues of commensurability across the two datasets, I am able to group demands into
five broad categories: politics & human rights, labor, social & corruption, religion, and security. As
Figure 5 reveals, SCAD disproportionately includes events with demands related to religion and
politics & human rights, and it tends to undercount events involving labor or social demands. These
biases are explicable based on what we know about the reporting priorities of international wire
services, which write for foreign audiences that are likely to be more interested in political, human
rights, and religious issues than in labor strikes or social protests over issues like electricity provision,
education, and corruption.

These findings have important implications for scholars interested in using event data to study
protest in the Middle East. Particularly when doing sub-national analysis or examining the contours
and dynamics of a single uprising, movement, or mobilizational cycle relying on event datasets
whose sources are systematically biased is likely to lead to incorrect conclusions and a skewed
representation of reality. For example, some have argued that research on the Arab Spring has
devoted too much attention to the spectacular displays of protest in large public squares like Tahrir
in Cairo, at the expense of less well-covered but equally important manifestations of contention in
smaller cities like Suez and Port Said, industrial factories and workplaces, and rural settings." Use of
protest data that are themselves skewed toward large cities and political events is only likely to
exacerbate such problems.
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Further, in the article-length version of this essay I show that use of different datasets may lead to
disparate and irreconcilable conclusions in statistical analyses.'” In a simple pair of regressions
modeling the determinants of protest repression I find different results depending on which dataset
is used; SCAD’s data would lead us to the conclusion that protests in small cities outside Cairo are
most likely to be repressed, whereas my dataset suggests that it is protests in Cairo that are most
repressed. These findings make sense when we consider that SCAD’s wire sources are likely only
reporting on events outside of Cairo when they are particularly violent and intense.

Ultimately, then, these biases have real implications for the kinds of conclusions we are able to draw
about protest in the region. While off-the-shelf datasets may still be helpful for studying protest in a
broader comparative setting — e.g., comparing protest waves across multiple countries or looking at
trends over many years or decades — for more fine-grained, within-case analyses scholars are better
off relying on datasets that use local, Arabic-language sources.
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