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Methodology

Analysis

My methodology was to build composite scores for both spatial trends of interest: areas that are particularly at risk for political unrest and areas that are sites of the “everyday state” or areas where the population receives support and services from government agencies and utilities. These scores were built using
several types of data. The two methods below used spatial analyst tools. The population change score
was derived using the Field Calculator. The population density score was created using Spatial Calculator
and Field Calculator. The table below shows the weights that each score was given in calculating the
composite score.

By exploring these two trends, I wanted to see what the
overlap was between areas of Cairo that were vulnerable to
unrest and the areas that were being well-served by the state.
This relationship could tell us whether the state was underserving the population most likely to be involved in political
unrest.
For vulnerable places of unrest, I considered population
density, population change, the presence of universities, and
incidents of riots or protests in the area. Population density
and change are important for this context due to the large
number of slums in Cairo. These areas are extremely vulnerable to natural disasters and sites for crime and violence so
we could expect that they would also be sites of political resistance. The universities are important given the frequency
of student protests and political movements. Finally, the incidents of riots or protests indicate an existing sense of political

Point Data (City Locations)

Reclassified Euclidean Distance Measure

Zonal Statistics Calculations by District

For all city locations from OpenStreetMap, they followed the process outlined here. After the locations
were extracted and clipped to the points of interest, I applied a Euclidean Distance scale. I then reclassified
with scores ranging from 1 to 5 based on walking time. Finally the score by district was calculated by using the Zonal Statistics by Table tool to calculate the mean score for the district.

Point Data (ACLED Incidents)

Spatial Join with Districts

Calculate Scores based on Incidents

For all ACLED incident points (Riots/Protests and Army/Police incidents), I used spatial join to attach
the information from ACLED to the districts. I then used Field Calculator to generate an intensity score for
each incident (Number of Fatalities + 1). Field Calculator was again used to calculate scores based on the
spread of the intensity values.

Variables
Unrest Factors
Factor

Weight

Population Density

0.25

Population Change

0.25

Protests / Riots

0.35

University Presence
0.15
Everyday State Factors
Factor
Police

Weight
0.3

Health

0.3

Transport

0.3

Army/Police Incident

0.1

Data Sources
OpenStreetMap used for city sites of interest: healthcare sites, police
stations, universities, and transportation points (March 2017 Extract).
ACLED Data for Egypt used for
all incidents of violence (19972010).
Census data from Egypt Central
Agency for Public Mobilization
and Statistics for 1996, 2006.
Administrative boundaries and
river shape from WFPGeonode.

dissatisfaction.
For places served by the state, I focused largely on the human services provided
by police, healthcare clinics and hospitals, and public transportation. Each of these
services offers support for the population from the government, as they fund
or subsidize the service. I also included
incidents where the army or police were
involved in an episode of violence, the
assumption being that the presence of
the state will be more greatly felt by the
population following such an incident.

Results: Composite Scores
After processing the data and forming the composite scores using the process
outlined in the Methodology section, I was able to compare areas that were underserved by the state with areas that were vulnerable to political unrest.
By running a regression on these scores, we can see that there is a positive correlation between the two scores, meaning those areas most at risk for political unrest were also the areas being most served by public services.
This result goes against initial intuition but could be due to several factors. Of
course, the methodology used is not comprehensive and there could be important
factors missed or data that was simply unavailable. There is also potential errors in
the data given the reliance on crowdsourced data of OpenStreetMap.
Of course this positive correlation may be true to the relationship and the assumed relationship between government presence and political unrest is different
than I have assumed here.

