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SURGE: Social Unrest Reconnaissance 
Gazetteer and Explorer

• Long Term Goal:  develop an integrated model-driven and data-driven 

framework to anticipate social unrest events in a broad range of 

countries

• Improve situational awareness by identifying short-term triggers and 

long-term factors that fuel unrest at multiple geographic scales.



Figure: Overall framework



SURGE: Social Unrest Reconnaissance 
Gazetteer and Explorer

• Project Goals:  

• examine the relationship of diverse thematic data that are increasingly 

becoming available in digital form including Socio-demographic, Cultural, 

Environmental, Infrastructure, Geographic, Economic (SCEIGE) data

• Build an integrated database of unrest events and their relationships with the 

SCEIGE factors

• Focus on the fuel-infrastructure-trigger model



SURGE: Visualizing Unrest Events



SURGE: Social Unrest 
Reconnaissance GazEtteer
• http://cse.unl.edu/~surge/

• GOAL: Understand the evolution 
of social unrest and develop a 
prediction model.

• Shows current and past 
locations of social unrest in 
India, Pakistan and Bangladesh.

• Will be extended to show 
locations of future social unrest.

Unrest Events 

(2013-2016)

http://cse.unl.edu/~surge/


SURGE: Data Sources (1)

• Currently the primary source for event data is the Global Database of 

Events, Language, and Tone (GDELT) - http://gdeltproject.org/.

• GDELT offers a platform that monitors the news media from all over the world 

in print, broadcast, and web formats, in over 100 languages, every moment of 

every day.

• It stretches back to January 1, 1979 through present day, with daily updates.

• The raw data is in the form of a table with 58 columns containing information 

such as the following for each reported event:

Actors, Targets, Types of unrest, Location of the unrest event 

http://gdeltproject.org/


SURGE: Data Sources (2)

• From the raw GDELT data files, the events that occurred within India, 

Pakistan and Bangladesh were extracted.

• GDELT contains 20 categories of unrest events.

• We selected 8 categories (see next 2 slides) out of the 20 that were 

aimed at the state.

• The categories come from the Conflict and Mediation Event Observations 

(CAMEO) Event and Actor Codebook 

(http://data.gdeltproject.org/documentation/CAMEO.Manual.1.1b3.pdf )

http://data.gdeltproject.org/documentation/CAMEO.Manual.1.1b3.pdf


SURGE: Selected GDELT Unrest 
Categories (1)

Appeal

This category of unrest consists of different types of appeals that citizens can make 

regarding needs for certain items. This includes appealing for material cooperation, 

economic cooperation, military cooperation, and other types of cooperation from 

the state. 

Demand

The public has requested a demand of the government or powers in the state. This 

can include the demand for economic cooperation, diplomatic cooperation, a 

policy change, or types of aid.

Threaten This category is about the public threatening to boycott or even attack the state. 

Coerce
These actions/events are about the destruction of items/places in order to get the 

outcomes that the people are interested in getting. 



SURGE:: Selected GDELT Unrest 
Categories (2)

Protests

The people have engaged in some type of demonstration regarding an issue in which 

the public sees a problem. These demonstrations can be both violent and non-

violent, but target the state/political powers. 

Assault
The use of more hostile tactics, including abducting/hijacking, multiple forms of 

assault, bombings, and assassinations/attempts on ruling parties, by the people. 

Fight

The general public has started to use non-violent tactics in order to fight back 

against the government. One example would be the use of small weapons or the 

occupation of a territory. 

Engage in 

Unconventional 

Mass Violence

The country has started to experience mass killings, genocide, or other forms of 

mass violence. 



SURGE: Daily Data Snapshot



SURGE: Monthly Data Snapshot
January 2015



SURGE: Additional Data 
Sources

• The Global Terrorism 
Dataset from START, 
University of 
Maryland 
(http://www.start.um
d.edu/gtd/) has also 
been added to our 
database to be 
visualized on SURGE

http://www.start.umd.edu/gtd/


SURGE: Visualizing Infrastructure
Data obtained from OpenStreetMap (http://planet.openstreetmap.org/) 

http://planet.openstreetmap.org/


SURGE: Road and Rail Networks



SURGE: Visualizing Police Stations, Universities, 
Hospitals and Clinics, and Post Offices along with unrest 
events

SURGE Infrastructure Data as clickable layers



SURGE: Visualizing Socio-Economic 
Factors



SURGE: Visualizing Literacy Rates for India at 
the State and District Levels



SURGE: Social Unrest Vocabulary



SURGE: Initial Social Unrest Vocabulary
Appeal reform*, union*, *safe*, *secur*, protect*, resist* , appeal, cooperat*

Demand reform*, union*, free*, *safe*, *secur*, protect*, right*, resist*, demand, change 

Threaten rebel*, threat*, *safe*, *secur*, right*, resist*, boycott, attack

Coerce *pressi*, enemy, hostage*, truce, threat*, boycott, attack, destr*, forc*

Protests mass*, strik*, unrest, protest*, demonstrat*, rebel*, defen*, resist*, *violen*

Assault
rebel*, defen*, violen*, *arm*, fight*, *terror*, extrem*, bomb*, IED, weapon*, gun*, 
suicid*, murder*, kill*, death*, explo*, enemy, hostage*, truce, assault, attack, abduct*, 
hijack*, hostile

Fight
rebel*, defen*, violen*, war*, *arm*, fight*, *terror*, extrem*, bomb*, IED, weapon*, 
gun*, *fire, resist*, enemy, hostage*, truce, occup*, attack

Engage in 

Unconventional 

Mass Violence

mass*, rebel*, defen*, violen*, war*, *arm*, fight*, *terror*, extrem*, bomb*, IED, 

weapon*, gun*, WMD, suicid*, murder*, kill*, death*, explo*, enemy, hostage*, truce, 

genocid*



Multilingual Social Unrest Vocabulary

• For all the base 
words, translations 
for the words in Hindi 
and Bengali were 
written using the 
English alphabet. 

• The process is also 
being implemented 
for Urdu words.



SURGE: Data-Driven 
Methodologies



Past Work:: Multifactorial Distance Function

𝛴

𝛴

𝛴

Multifactorial Distance Calculation
(weights add up to 1 at each summation)

• Multi-factorial distance function 
combines different types of 
distances to give a composite 
conceptual distance between 
each pair of events

• We use this distance function to: 
• perform clustering to find patterns
• establish event-event influence in 

agent-based simulations



Past work:: Spatio-temporal clustering 

• Data clustering allows grouping of objects based on their similarities 
determined by using a distance function
• Allows data analysts to interpret groups of data and identify distinguishing 

patterns

• We refer to groups of related events in terms of spatial, temporal or 
conceptual similarities, as an episode

• We use the density-based clustering approach (DBSCAN) as the as it is 
efficient in finding clusters of similar densities in spatial database with 
noise

• Goal: discovery of episodes with their inflection points, beginning and 
ending points



Clustering Results

Clustering results 
based on 
combined social 
unrest distance 
function



Past work:: Agent-Based Modeling  

• Due to the dynamic nature of the environment, we use an agent-
based solution to model social unrest events as intelligent agents
• Complex behaviors emerge through independent actions of myopic agents 

without the need of a central control unit

• Each event/agent 
• has an intensity value
• studies its environment and performs actions which translate into the 

increase or decrease of its intensity

• Loosely based on the N-body gravitational model where each object 
is trying to pull objects towards itself

• Goal: allow for projection of unrest events and/or what-if studies



Past work:: Agent Parameters and 
Neighborhood
Parameters Description

Location (𝑙) The geographic location where the occurrence of an unrest event has been 
observed. (longitude and latitude)

Event-date (𝑡) The date of occurrence of the event representing a specific day.

Intensity (𝑰) The intensity of any event 𝑒1 at time 𝑡1 is the energy associated with it, representing 
its severity.

Socioeconomic 
variables and Area (𝑎)

Socioeconomic variables such as the literacy rates or employment rates are 
calculated for a region or area (𝑎), we assign the socioeconomic variables of the area 
to all the events occurring within it.

Infrastructure variables 
and spatial radius (𝑟𝑠)

These variables are measures of how close infrastructure objects are to an event and 
how many of these infrastructure objects are within a certain radius of any event.

Neighborhood (𝑁) and 
Radius (𝑅)

Any agent 𝑒1 that is within a distance of 𝑅 from another agent 𝑒2, is considered a 
neighbor of the agent 𝑒2. 𝑅 can only be between [0 - 1].



Scenario 1: Events 
with no Neighbors

• Neighborhood Radius = 0.0 

• Recovery Rate (𝜆) = 0.5

• Since the neighborhood 
radius is very small, none of 
the agents are able to form a 
neighborhood.

• The intensities can be seen 
to be gradually decreasing 
following the Decay 
Principle.

Simulation of Events with no neighbors: default behavior.
Small Neighborhood Radius



Scenario 2 - Same 
intensity neighbors, 
at different distances

• Agent 𝑒1 is the observed agent. 

• Neighborhood Radius (𝑅) = 1.0

• Recovery Rate (𝜆) = 0.9

• Influence Rate (𝛾) = 0.1

Simulation of Events with high Recovery Rate and sufficient 
Influence Rate.



Document Analysis using the 5Ws

• 5Ws: Where, When, Who, What, Why

• News articles and social media report unrest events

• Deeper content analysis by discovering the 5Ws will help improve the 
accuracy of the distance function:
• Events that share the same actors (who) are closer in distance

• Events that involve the same activities (what) are closer in distance

• Events that are motivated by the same cause (why) are closer in distance

• Events that occur at the same time (when) are closer in distance

• Events that occur at the same place (where) are closer in distance



Document Analysis:: 5W Extraction (5WE)

• Each individual W extraction process is divided in to two tasks:
• Candidate Identification

Identifying all the potential candidates for a W using the syntactic structure 
of an article

• Candidate Ranking

Ranking the identified candidates using syntactic and semantic cues. Also 
utilizes domain specific keywords



News 
Article

Methodology



Sample 5Ws – Hand Coded – Ground Truth



Results – 5WE

• Ground truth obtained by combining (union) the annotations from 
the 2 coders

• Three evaluation strategies:
• Exact Match : success if the top candidate is the ground truth

• Top-3 Match : success if ground truth is in the top-3 candidates

• Candidate Check : success if the ground truth is in the list of candidates



Results – 5WE

W Exact Match (%) Top-3 Match (%) Candidate Check (%)

Where (139) 68.9 82.4 85.1

When (98) 71.6 91.8 91.8

Who (144) 48.6 74.3 97.2

What (84) 67.5 83.8 89.1

Why (61) 32.4 32.4 33.8

5Ws 57.8 72.9 79.4



Tweet Collection and 
Classification
• Tweet Collection

• Using the Tweet2SQL package built 
on the Twitter Stream API

• All the tweets collected have 
associated geocoordinates

• Collected and stored publically 
available tweets from the 
identified regions of interest 
encompassing India, Pakistan and 
Bangladesh 



Sample tweets - 1



Sample tweets - 2



Tweet Classification cont’d

• Goal: Identify tweets related to social unrest

• Keyword filtering insufficient

• Hand selected and labeled 110 tweets as related/unrelated to unrest

• Naïve Bayes Classifier results show 67% accuracy

• fastText Classifier results show 77% accuracy

• Next steps: 
• Building a larger manually labeled dataset of Tweets classified as 

fuel/trigger/unrest event/unrelated

• Further testing with classification algorithms



Sentiment Analysis
• Sentiment Analysis was performed on the 

Twitter data collected from the South Asia 
region, using the VADER sentiment analysis 
package. 

• The sentiment lexicon is being updated to 
include the unrest words. For example, the 
figure below shows the effect of the lexicon 
being updated.

Username: @Charlieee
Location: 28.6667, 77.1
Text: Fight against something and we focus on the 
thing we hate. Fight for something and we focus 
on the thing we love. - Simon Sinek
Sentiment: neg: 0.269 neu: 0.604 pos: 0.127

Username: @Indranil_Khan
Location: 22.9868, 87.8550
Text: @narendramodi The Fight Against 
Evil Requires COURAGE, 
PERSEVERANCE and HONESTY
Sentiment: neg: 0.335 neu: 0.288 pos: 
0.377

Username: @AjayAapka
Location: 18.987807, 72.836447
Text: RT @yadavtejashwi: Even a dead person 
has got right to dignity under the Constitution. 
Even aftr death girls dignity cannot be denied
Sentiment: neg: 0.262 neu: 0.484 pos: 0.252

Username: @UniquelyIndian
Location: 12.977063, 77.587106
Text: RT @Crsspak: #UlasiPolice: Role of 
modern #IT tools in #PoliceReforms. Read: 
https://t.co/d33CInGGp8 @vogul1960 
@ZeeSalahuddin @haroon_gul
Sentiment: neg: 0.000 neu: 1.0 pos: 0.000

Username: @Narendr12428893
Location: 22.345801, 82.696331
Text: RT @htTweets: Bihar school topper 
scandal: Police may have sent a minor to 
jail, writes @razadanish
https://t.co/LrpKDcAVYr Sentiment: 
neg: 0.153 neu: 0.847 pos: 0.000



Election Integrity Twitter Dataset



Election Integrity Twitter Dataset - 1

• Go to: https://about.twitter.com/en_us/values/elections-
integrity.html#data

• Enter your email address towards the bottom of the page

• You should be now given access to data…

https://about.twitter.com/en_us/values/elections-integrity.html#data


Election Integrity Twitter Dataset - 2

• The Dataset Readme provides a description for the data. Of particular 
importance are the fields included for each tweet:
• tweetid - tweet identification number

• userid - user identification number (anonymized for users which had fewer than 
5,000 followers at the time of suspension) 

• user_display_name - the name of the user (same as userid for anonymized users)

• user_screen_name - the Twitter handle of the user (same as userid for anonymized 
users)

• user_reported_location - the user's self-reported location (*)

• user_profile_description - the user's profile description (*)

• user_profile_url - the user's profile URL (*)

• follower_count - the number of accounts following the user (*)



Election Integrity Twitter Dataset - 2

• following_count - the number of accounts followed by the user (*)
• account_creation_date - date of user account creation
• account_language - the language of the account, as chosen by the user
• tweet_language - the language of the tweet
• tweet_text - the text of the tweet (mentions of anonymized accounts have been 

replaced with anonymized userid)
• tweet_time - the time when the tweet was published (UTC)
• tweet_client_name - the name of the client app used to publish the tweet
• in_reply_to_tweetid - the tweetid of the original tweet that this tweet is in reply to 

(for replies only)
• in_reply_to_userid - the userid of the original tweet that this tweet is in reply to (for 

replies only)
• quoted_tweet_tweetid - the tweetid of the original tweet that this tweet is quoting 

(for quotes only)
• is_retweet - True/False, is this tweet a retweet



Election Integrity Twitter Dataset - 2

• retweet_userid - for retweets, the userid who authored the original tweet
• retweet_tweetid - for retweets, the tweetid of the original tweet
• latitude - geo-located latitude, if available 
• longitude - geo-located longitude, if available 
• quote_count - the number of tweets quoting this tweet
• reply_count - the number of tweets replying to this tweet
• like_count - the number of likes that this tweet received (^)
• retweet_count - the number of retweets that this tweet received (^)
• hashtags - a list of hashtags used in this tweet
• urls - a list of urls used in this tweet
• user_mentions - a list of userids who are mentioned in this tweet (includes 

anonymized userids)
• poll_choices - if a tweet included a poll, this field displays the poll choices separated 

by |



Let’s Explore
Dataset: Saudi Arabia (April 2019) - 6 Accounts



Dataset: Saudi Arabia 
(April 2019) - 6 Accounts



Dataset: Saudi Arabia 
(April 2019) - 6 Accounts



Dataset: Saudi Arabia 
(April 2019) - 6 Accounts

UserIDs



Dataset: Saudi Arabia 
(April 2019) - 6 Accounts

TweetIDs



Analysis with tweets: 
Different pathways

• Create word clouds and word 
frequency lists

• Frequency analyses and charts 
(see figure for examples)

• Discover events – place and 
time references

• Cluster Tweets

• Trend analysis to discover 
changes over time

• Sentiment analysis

• Topic detection



Thanks!
djoshi@citadel.edu

mailto:djoshi@citadel.edu

