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Introduction

Research into the effects of modern information and com-
munication technology (ICT) on collective action suggests 
that the spread of cell phone technology can play an impor-
tant role in facilitating various types of political collective 
action (Bailard, 2015; Manacorda and Tesei, 2016; 
Pierskalla and Hollenbach, 2013). For example, using spa-
tially disaggregated violent event data, Pierskalla and 
Hollenbach (2013) document a positive association 
between cell phone coverage and violent events on the 
African continent between 2007 and 2009.

At the same time, these findings could potentially be 
driven by the presence of reporting bias. This issue is par-
ticularly relevant for scholars working with event data that 
is based on media reports (Croicu and Kreutz, 2016; 
Weidmann, 2016). Addressing reporting bias is especially 
crucial if new communication technology increases the 
ability of news organizations to report political events. 
Then reporting bias is likely to affect inferences about the 
relationship between ICTs and the occurrence of violence.

While Croicu and Kreutz (2016) find only a small effect 
of cell phone technology on the quality of reporting in 
African violent-event data, a study by Weidmann (2016), 
using high-quality data from Afghanistan, suggests that 
findings about the effects of cell phone technology on the 
incidence of violent events might be mere artifacts of 

reporting bias. He shows that there is a positive association 
between cell phone coverage and violent events in 
Afhganistan based on data from the Uppsala Conflict Data 
Program - Georeferenced Event Dataset (UCDP-GED); 
however, the relationship is not statistically significant (at 
standard levels) when relying on event data collected by the 
US military. In addition, Weidmann (2016) implements a 
sensitivity analysis for the findings in Pierskalla and 
Hollenbach (2013), which suggests that the original results 
are also consistent with reporting bias.

In this note we follow Weidmann’s lead and present a 
more extensive set of sensitivity analyses that explore the 
issue of reporting bias in Pierskalla and Hollenbach (2013) 
further. First, we argue that several ad hoc choices over 
model specification have to be made during the sensitivity 
analysis (e.g. about “high” or “best” fatality estimates or 
which specification to estimate). These choices affect the 
conclusions of the sensitivity check. When we consider a 

A re-assessment of reporting bias in  
event-based violence data with  
respect to cell phone coverage

Florian M. Hollenbach1 and Jan H. Pierskalla2

Abstract
This paper discusses the issue of possible reporting bias in media-based violent-event data and its relation to the role 
of communication technology in fostering collective action. We expand the work of Weidmann (2016), presenting 
several sensitivity analyses to determine the degree to which reporting bias may confound the relationship between 
communication technology and violence in a recent study that relies on event data for Africa. We find no strong evidence 
that suggests results on the positive relationship between communication technology and collective action in the study 
by Pierskalla and Hollenbach (2013) are wholly an artifact of reporting bias.

Keywords
Communication technology, collective action, reporting bias, event data

1Texas A&M University, College Station, TX, USA
2The Ohio State University, Columbus, OH, USA

Corresponding author:
Florian M. Hollenbach, Texas A&M University, 2061 Allen Building, 4348 
TAMU, College Station, TX 77843-4348, USA.
Email: fhollenbach@tamu.ed

730687 RAP0010.1177/2053168017730687Research & PoliticsHollenbach and Pierskalla
research-article20172017

Research Note

https://uk.sagepub.com/en-gb/journals-permissions
http://journals.sagepub.com/home/rap
mailto:fhollenbach@tamu.ed
http://crossmark.crossref.org/dialog/?doi=10.1177%2F2053168017730687&domain=pdf&date_stamp=2017-09-28


2 Research and Politics 

broader range of sensitivity tests, we find no clear evidence 
of systematic reporting bias in Pierskalla and Hollenbach 
(2013), irrespective of the specific change in model specifi-
cation. Second, we implement a new simulation-based sen-
sitivity analysis. We add random, additional events to 
regions without cell phone coverage (directly contradicting 
the main finding) in order to simulate data without reporting 
bias (following Gallop and Weschle, 2017). Assuming high 
levels of reporting bias across the UCDP-GED Africa data, 
we still recover a positive effect of cell phone coverage on 
violence in approximately more than 99% of simulations.

In total, these tests reveal that reporting bias is unlikely 
to completely explain the positive association between 
ICTs and violent collective action in the context of the 
Pierskalla and Hollenbach’s (2013) study, adding to the 
ongoing debate on the relationship between modern com-
munication technology and collective action. Finally, this 
empirical exercise also illustrates different practical strate-
gies for exploring the issue of reporting (or other forms of 
measurement) bias in applied settings.

Window analysis

Pierskalla and Hollenbach (2013) study the effect of cell 
phone coverage on violent events in Africa. They match 
data on the spatial extent of 2G cell phone networks to a set 
of grid cells, covering the years from 2007 to 2009. The 
authors estimate the effect of cell phone coverage on the 
probability of a violent event taking place in each grid cell, 
relying on UCDP-GED event data (Sundberg and Melander, 
2013), and find a robust and positive effect of cell phone 
coverage on violence.

Weidmann (2016) implements a sensitivity analysis for 
this finding which rests on a strategy proposed by Dafoe 
and Lyall (2015). The approach assumes that the magnitude 
of reporting bias varies depending on the severity of the 
reported events. Dividing the data into different subsam-
ples, based on the reported fatalities, subsamples with low 
fatality counts ought to suffer from more reporting bias and 
vice versa. If bias is driving the finding, then with increas-
ing fatality rates, the estimated coefficient for cell phone 
coverage should decrease. To create the sensitivity analy-
sis, Weidmann (2016) orders all violent events for 2008 by 
the number of fatalities. He then creates sub-sets of the data 
(windows) that include 50% of the violent events in 2008 
(444 events), changing the composition of the violence data 
by sliding the window by 10 events per subset. Weidmann 
(2016) shows that the marginal effect of cell phones 
decreases for samples with more fatalities, and the 95% 
confidence interval covers zero for about one-third of the 
estimated models, which is consistent with reporting bias 
being an alternative explanation for the original finding.

This is a useful and straightforward approach, but 
requires the analyst to make a number of ad hoc model 
specification choices that might affect the conclusions of 
the sensitivity check.

For instance, one choice is related to the fatality esti-
mate. The UCDP-GED data includes different estimates for 
the number of fatalities for each violent event. The data set 
provides a best estimate and a high estimate. To order the 
events by severity, Weidmann (2016) uses the high esti-
mate. There is no clear reason to prefer the high over the 
best estimate and vice versa. A second matter is the model 
specification for the windowed analysis. Weidmann (2016) 
presents the results from the most basic model in Pierskalla 
and Hollenbach (2013). Here, we also present the win-
dowed analysis for the panel model, a preferred and more 
conservative specification (more details can be found in the 
Supplementary Appendix).

Figure 1 replicates Weidmann’s sensitivity check in 
panel (a) and switches to the “best” fatality estimate in 
panel (b). Panel (c) shows coefficient estimates for the 
panel data using the “high” estimate, and panel (d) for the 
“best” estimate. Several things stand out. For panel (b) 
the coefficient size first increases and then decreases. In 
panel (c) and (d) coefficient estimates are relatively sta-
ble across windows, except for very large events where 
the effect is actually stronger. Confidence intervals also 
do not cover zero for the vast majority of windows. None 
of these patterns are consistent with reporting bias as in 
panel (a).

Naturally, researchers could make a number of other 
alternative choices about model specification. In Section 1 
and 2 of the Supplementary Appendix we consider several 
of them, largely following the robustness checks in the 
original study by Pierskalla and Hollenbach (2013). For 
example, we present windowed analyses that include coun-
try means, country fixed effects, and a spatial lag for the 
cross-sectional model. For the panel data we also consider 
event counts as dependent variables, precisely coded event 
data, and event data based on a newer version of the UCDP-
GED data. All in all, the results are rarely indicative of 
reporting bias (even with windows created on the high 
fatality estimates).

Simulation analysis

Building on Gallop and Weschle (2017), we simulate data 
to account for the presence of reporting bias in the event 
data. If reporting bias is of concern, then violent events are 
especially under-reported in areas without cell phone cov-
erage. In our cross-sectional data for 2008 there are 358 
grid cells with at least one event; 182 of those are in areas 
without cell phone coverage. Similarly, our three-year 
panel data includes a total of 922 grid-cell years with at 
least one violent event; 529 of those are in areas without 
cell phone coverage. If reporting bias is present, 182 and 
529 represent a lower bound on the actual number of events 
in areas without coverage.

Therefore, we randomly add additional events to grid 
cells without cell phone coverage. Doing so generates data 
patterns that go directly against the main finding and will 
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eventually push the estimated coefficient for cell phone 
coverage toward zero. First, we estimate a cross-sectional 
model without the cell phone coverage variable. We then 
use the predicted probabilities from the model without cell 
phone coverage to draw “fake” observations of violent 
events in grid cells where no violence was reported and cell 
phone coverage is not existent.1 We simulate new data for 
five different scenarios, assuming that the observed data in 
the non-cell coverage areas represent 95%, 90%, 85%, 
80%, and 75% of “real” events. For each of these potential 
levels of reporting bias we create 1000 data sets with addi-
tional events and estimate the preferred statistical model. 
Using the estimated coefficients and standard errors from 
each simulation, we draw 200 coefficients from a multi-
variate normal distribution. We then combine all 20,000 
draws to generate the overall coefficient distribution under 

each scenario. This empirical distribution reflects variation 
across the simulation runs and integrates the estimation 
uncertainty expressed in the standard errors. Figure 2 shows 
the empirical distribution of these coefficients for the cross-
sectional linear probability model with country fixed 
effects.

Across panels (a)–(e) in Figure 2 we observe that the 
estimated coefficient is nearly always positive; that is, even 
after correcting for substantial reporting bias, we would 
still find evidence supporting the original finding.

Without information on the true size of reporting bias, it 
is hard to know exactly whether 5%, 10%, or 25% of 
underreporting is the most likely scenario. In addition, the 
true effect of cell phone coverage is likely to vary across 
African countries and conflicts, as is reporting bias. 
Weidmann’s (2016) analysis provides an empirical 

Figure 1. Coefficient estimates for the windowed simple logit using the “high” fatality estimate in panel (a) and the “best” fatality 
estimate estimate in panel (b). Panel (c) and (d) show the same for the panel data. Only the first plot is consistent with reporting 
bias.
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estimate for the case of Afghanistan, indicating that in 
areas without cell phone coverage, observed events in the 
data are about 76% of events that would have been 
observed with cell phone coverage present. This corre-
sponds to the simulation results presented in Figure 2(e), 
which suggests that the original findings in Pierskalla and 
Hollenbach (2013) would be robust to this level of report-
ing bias. The results are more sensitive to reporting bias in 
the panel models. Yet still, only if reporting bias is very 
large could it completely explain the positive association 
found in the panel models (see Section 4 in the Appendix). 
We believe these simulations suggest that, in general, there 
is little indication that reporting bias is driving the overall 
association between cell phone coverage and conflict in 
the sample of African grid cells.

Conclusion

We agree with Weidmann’s (2016) assessment that reporting 
bias is a serious problem and represents a true challenge, 
especially when trying to infer the effects of ICTs on violent 
collective action. The additional sensitivity analyses we 

present here suggest that there is no overwhelming indication 
that reporting bias is completely driving the findings in 
Pierskalla and Hollenbach (2013). Our additional tests also 
illustrate the practical difficulties in implementing a sensitiv-
ity analysis as suggested by Dafoe and Lyall (2015): research-
ers have to make several ad hoc decisions when conducting 
sensitivity checks and, hence, ought to consider a broad set of 
models. We also provide a practical example, drawing on 
Gallop and Weschle (2017), of how to integrate the simula-
tion of reporting bias in real data.

Beyond the technical issues of sensitivity analyses, the 
extent and severity of reporting bias in media-based event 
data is likely to vary dramatically with context. Similarly, it 
is likely that the effect of ICTs on political events is hetero-
geneous across countries. In the absence of “ground truth” 
data that does not suffer from potential reporting bias, there 
is no good way to directly determine the extent of reporting 
bias across contexts. This means it is not straightforward to 
assess the threats of reporting bias without access to better 
data and contextual knowledge around the mechanisms 
producing violent collective action. We hope future studies 
that rely less on media-based event data will be able to 

Figure 2. For panel (a) we assume the observed data include 95% of real events. This number decreases by 5 percentage points 
for each panel. Panel (b) thus represents the results when the observed events are 90% of all true events, panel (c) 85%, panel (d) 
80%, and panel (e) assumes that the observed data only include 75% of all real events.
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better delineate when (and how) ICTs can foster violent and 
non-violent collective action.
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