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This project was funded by contracts from the Defense Advanced Research
Projects Agency under the Integrated Crisis Early Warning System (ICEWS)
program (Prime Contract #FA8650‐07‐C‐7749: Lockheed‐Mar-n Advanced

Technology Laboratories) as well as grants from the Na-onal Science
Founda-on (SES‐0096086, SES‐0455158, SES‐0527564, SES‐1004414). The
results and findings in no way represent the views of Lockheed‐Mar-n, the

Department of Defense, DARPA, or NSF  The open source so]ware discussed in
this paper, as well data sets generated in earlier NSF‐funded research, can be

downloaded from the web site: h^p://eventdata.psu.edu/



What do these events have in
common?

• 1941 Pearl Harbor a^ack
• 1950 Chinese interven-on in Korea
• 1962 Cuban missile crisis
• 1973 Middle East War
• 1979 Iranian Revolu-on
• 1989 End of Soviet‐supported regimes in Eastern
Europe

• 1994 Rwanda genocide
• 1998 Indian nuclear tests
• 2001 Al‐Qaeda a^ack on U.S.



Surprise!



Surprise!

• Strategic surprise: unexpected events with
major consequences

• This despite the fact that people were
supposed to be watching



Surprise!

• Strategic surprise: unexpected events with
major consequences

• This despite the fact that people were
supposed to be watching
– $50‐billion to $80‐billion of watching



Protec-ng yourself from poli-cal surprise…

Some approaches…



Protec-ng yourself from poli-cal surprise…

Some approaches…

“The further you look back, the further you can
see ahead”—Winston Churchill



Early technical forecas-ng models

• Divina-on model of sheep liver

• Source: Babylonia,  ca. 600 BCE



Early technical forecas-ng models

• Divina-on model of sheep liver

• Source: Babylonia,  ca. 600 BCE

• Persian conquest of Babylonia:
539 BCE



Temple of Apollo at Delphi



Temple of Apollo at Delphi

Methodology:
• Inhale hallucinogenic vapors
• Make ambiguous predic-ons: “A mighty kingdom will fall”



Modern solu-on: the ubiquitous SME

“Subject ma^er expert”



SMEs: Self‐Percep/on



SMEs: Reality

Poli-cal Analysis
Department



SMEs: Real Reality



“McChrystal’s Hairball”



Problems with SMEs

• Like diamonds, expensive and rare
• Affected by fa-gue and boredom, cogni-ve
dissonance and consul-ng fees
– “You want it real bad, you’re gonna get it real bad…”
– Usually (not always) considerably more entertaining and ar-culate than computer

models

• SMEs with na-ve language and cultural exper-se
may have axes to grind…
– See N. Machiavelli, 1513 on trus-ng exiles

• Accuracy is only slightly be^er than chance on
hard problems
– The more visible the SME, the less accurate the record



Technical forecas-ng as the
alterna-ve

Mix in proper propor-ons

• Poli-cal science theory

• Data

• Sta-s-cal Models

• Compu-ng power

Result: models accurate in the 75% ‐ 85% range



Cantor‐Fitzgerald forecas-ng algorithms
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+

All 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data 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can afford
(all 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the sports data that exists)

+
All the compu-ng power Cantor‐Fitzgerald can

afford
(a lot of compu-ng power)



Cantor‐Fitzgerald forecas-ng algorithms
+

All the sports data Cantor‐Fitzgerald can afford
(all the sports data that exists)

+
All the compu-ng power Cantor‐Fitzgerald can

afford
(a lot of compu-ng power)

A sports besng system



Bling!

Cantor‐Fitzgerald MIDAS System



Integrated Conflict Early Warning System

• Funded by DARPA Informa-on Processing
Techniques Office [unclassified]

• Funding at $40‐million for 2007‐2011
– Largest quan-ta-ve conflict analysis project since the
1970s

• Objec-ve is real‐-me forecas-ng of indicators of
poli-cal instability in Asia with 6‐24 month leads,
70%‐80% accuracy

• Machine‐coded event data has developed as the
core methodology
– Data covers 1997‐present with 8.5‐million stories
from 27 sources



Poli-cal Instability Task Force

• Mul-‐agency, including State, Census, DoD, but
primarily CIA [unclassified]

• Ini-ally established in 1995 as “State Failures Project”
in response to former Yugoslavia, Somalia and Rwanda

• Global forecas-ng of state failure, democra-c‐
authoritarian transi-ons, mass killings and other
indicators at 6‐24 month leads, models have
demonstrated 70%‐80% accuracy

• Funds a number of major data collec-on efforts
• Other par-cipa-ng academic ins-tu-ons include
Harvard, Stanford, Columbia, Michigan, George Mason



Poli-cal Instability Task Force
(AJPS 2010)



Example: 18 December 2007

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

The Turkish a^acks in Dohuk Province on Sunday — involving dozens of
warplanes and ar-llery — were the largest known cross‐border a^ack
since 2003. They occurred with at least tacit approval from American
officials. The Iraqi government, however, said it had not been consulted or
informed about the a^acks.

Massoud Barzani, leader of the autonomous Kurdish region in the north,
condemned the assaults as a viola-on of Iraqi sovereignty that had
undermined months of diplomacy. “These a^acks hinder the poli-cal
efforts exerted to find a peaceful solu-on based on mutual respect.”

New York Times, 18 December 2007
h^p://www.ny-mes.com/2007/12/18/world/middleeast/18iraq.html?_r=1&ref=world&oref=slogin (Accessed

18 December 2007)



TABARI Coding

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.



TABARI Coding: Verb

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

Event Code: 111



TABARI Coding: Actors

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

Event Code: 111
Source: IRQ
Target: TUR



TABARI Coding: Agents

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

Event Code: 111
Source: IRQ GOV
Target: TUR



TABARI Coding: Verb [2]

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

Event Code: 111
Source: IRQ GOV
Target: TUR

Event Code: 223



TABARI Coding: Actors [2]

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

Event Code: 111
Source: IRQ GOV
Target: TUR

Event Code: 223
Source: TUR
Target: IRQKRD



TABARI Coding: Agents [2]

BAGHDAD — Iraqi leaders cri-cized Turkey on Monday for bombing Kurdish
militants in northern Iraq with airstrikes that they said had le] at least one
woman dead.

Event Code: 111
Source: IRQ GOV
Target: TUR

Event Code: 223
Source: TUR
Target: IRQKRD REB



Event Model: Core Innova-on

• Once calibrated, real‐-me event forecas-ng
models can be run en#rely without human
interven-on
– Web‐based news feeds provide a rich mul-‐
source flow of poli-cal informa-on in real -me

– Sta-s-cal models can be run and tested
automa-cally, and are 100% transparent

• In other words, for the first -me in human
history—quite literally—we have a system
that can provide real‐-me measures of
poli-cal ac-vity without any human
intermediaries



Event Data in the [original]
DARPA period

• Na-on‐state orienta-on; most analysis dealt
with Cold War major power rela-ons

• Global coverage

• Human coding

• Source texts were major Western newspapers

• Sta-s-cal models were rela-vely simple



Contemporary Event Data

• Substate and nonstate actors; most analysis deals
with protracted conflicts

• Single‐conflict and regional coverage

• Automated coding

• Source texts are from wire services (Reuters, AFP)

• Sta-s-cal models are very complex



ICEWS Event Data

• 30‐gigabytes of text from Lexis‐Nexis

• 25 sources

• 8‐million stories

• 26‐million sentences
– Only first four sentences coded in each story

• 3‐million events

• Generally two orders of magnitude greater
than any prior event coding effort



Event Data Genera-on Process

Event and actor
ontology

Download/RSS
news stories

Automated
coding program

Verb and noun
phrase dic-onaries

EOI predic-ons

Specify models Calibrate
models



Raven Phase 2 Func-onal ViewRaven Phase 2 Func-onal View

NewsNews

DIME MiningDIME Mining
ToolsTools

(Lantern, ML, etc.)(Lantern, ML, etc.)

Data IngestData Ingest
& Coding Tools& Coding Tools
(TABARI, (TABARI, AeroTextAeroText,,

etc)etc)

RavenRaven
Core DataCore Data
RepositoryRepository
(RCDR)(RCDR)

ModelModel

DIME ModelingDIME Modeling
ToolsTools

(Bayesian Learning,(Bayesian Learning,
etc)etc)

StateState
DataData

SMESME
InputsInputs

ModelModel

ModelModel

ModelModel

ModelModel

Aggr.Aggr.
ModelModel

DIME Ac#onDIME Ac#on
ModelsModels
& Links& Links

ModelModel
Aggr.Aggr.
ModelModel

Human‐Computer Interface (Web‐Based)Human‐Computer Interface (Web‐Based)
(Model Opera#on, Model Forecasts, Model/Data Drilldown/Explora#on, Model Development, Admin)(Model Opera#on, Model Forecasts, Model/Data Drilldown/Explora#on, Model Development, Admin)

Model ServicesModel Services
& DIAS Framework& DIAS FrameworkModelModel

LibraryLibrary

ModelsModels
•• Sta#s#cal  Sta#s#cal 
•• Agent‐Based Agent‐Based
•• PaQern‐Based PaQern‐Based
•• Aggregator Aggregator

Raven IntegratedRaven Integrated
Data EnvironmentData Environment
(RIDE)(RIDE)



Event Data Genera-on Process

Event and actor
ontology

Download/RSS
news stories

Automated
coding program

Verb and noun
phrase dic-onaries

EOI predic-ons

Specify models Calibrate
models



ICEWS “Events of Interest”

 Domestic Political Crisis—Significant opposition to the government,
but not to the level of rebellion or insurgency (for example, power
struggle between two political factions involving disruptive strikes or
violent clashes between supporters)

Rebellion—Organized opposition where the objective is to seek
autonomy or independence

Insurgency—Organized opposition where the objective is to overthrow
the central government

Ethnic ⁄ Religious Violence—Violence between ethnic or religious
groups that is not specifically directed against the government

International Crisis—Conflict between two or more states or elevated
tensions between two or more states that could lead to conflict



4343

Phase 1 Results: LM‐ATL Out‐of‐
Sample Results (DARPA Chart)

• Exceeds metrics for the maximum intensity index and 3 instability events: Rebellion,
Insurgency, and Ethnic/Religious Violence – Passes Phase 1 gates

• By integra-ng improved versions of best of breed models from mul-ple perspec-ves, team
achieves more accurate, precise forecasts than any one model alone



Components of a
forecast

Lockheed Mar-n Proprietary Informa-on

Pie chart of impac�ul variables for country, EOI, -me

Current value

Impact power
Model weight
correla-on

Impact increases P(EOI)

Impact decreases P(EOI)



Challenges
• Lexis‐Nexis

– It was not designed for this sort of thing
– Money is not the issue; the ins-tu-on is the issue

• Duplicate detec-on
– Considerably complicated by mul-ple sources

• Irrelevant story detec-on: at least a third of the downloads
• Dic-onary development

– 15,000 verb phrases are mostly adequate
– Actor dic-onaries—currently around 15,000 entries—were a

major challenge
– CountryCodes.xml generic dic-onary shared with NSF/MID

work
• TABARI in parallel coding mode works at 70,000 events per

second
– Parallelism on the cheap—just split the files



News & Other Data Sources (Phase 1)News & Other Data Sources (Phase 1)

‐‐  

•• TABARI open source event dataTABARI open source event data
coding toolcoding tool
–– 6.7M news stories from 75+6.7M news stories from 75+

sourcessources
–– 253M lines of text253M lines of text
–– 30 dic-onaries, 20K entries30 dic-onaries, 20K entries
–– CAMEO ac-on taxonomyCAMEO ac-on taxonomy
–– complemen-ng with AeroTextcomplemen-ng with AeroText

in Phase 2in Phase 2

•• Country/State dataCountry/State data
–– 16+ sources16+ sources

•• SME interviews for agent‐basedSME interviews for agent‐based
country modelscountry models

It is es#mated that this is the largestIt is es#mated that this is the largest
automated event coding project to date.automated event coding project to date.
Enabled by end‐to‐end automated process.Enabled by end‐to‐end automated process.



[Near‐] Real Time Coding

• ICEWS is currently doing monthly upda-ng

• Experimental system at Kansas did daily
coding based on web site news feeds from
Reuters and UPI
– This is be implemented and enhanced under NSF
funding at UT/Dallas (Brandt)

– This is will linked to a real‐-me predic-on module



Expansion to Global Coverage

• Projec-ng an addi-onal 25M stories, 2000‐2011
– Interna-onal sources appear to provide most of the
coverage in English

• Intake of a exis-ng poli-cal en-ty lists such as
rulers.org, CIA World Factbook, Joshua Project

• Rapid development of remaining actor dic-onaries
using NER tools

• XML‐based Hierarchical dic-onaries: Move en-ty
informa-on to a database and generate specific codes as
needed

• Objec-ve: complete project by August 2011



Third Genera-on Coder using Open
Source NLP Tools

• Full parsing using the TreeBank parse tree format
• Named‐en-ty recogni-on/resolu-on so]ware
• Parts of speech markup for noun‐verb
disambigua-on

• Stemming: Porter stemmer
• WordNet synsets
• Sentence delinea-on
• GeoNet Names Server for geographical place
names

• Regular expressions for dic-onary syntax



JABARI‐NLP Performance

• TABARI baseline: 56% precision, 54% recall

• Add Open‐NLP Penn TreeBank parser:
68% precision, 35.4% recall

• Add GATE‐Annie noun phrase synonyms,
pronoun coreferencing, and default loca-on
agent resolu-on:
77% precision, 66.5% recall



Addi-onal needed tasks

• Duplicate detec-on and content classifica-on
–  Google News and European Media Monitor

• Hierarchical dic-onaries
– Move en-ty informa-on to a database and generate
specific codes as needed

– Automated dic-onary upda-ng based on dense
sources such as rulers.org

• Move en-re system to the web
– Separate graphical and processor‐intensive
components

• Sophis-cated error detec-on/correc-on



Unsolicited career advice



Unsolicited career advice

• Learn computer programming

• Eric Drexler: “data‐driven science”

• Fourth Paradigm: Data Intensive Scien<fic
Discovery (Hey, Tansley and Toole, eds.)



Sta-s-cs Packages :: Cars



Sta-s-cs Packages :: Cars

Stata



Sta-s-cs Packages :: Cars

Stata

SAS



Sta-s-cs Packages :: Cars

Stata

SAS

R



Sta-s-cs Packages :: Cars

Stata

SPSSSAS

R



NPL Components :: Smart Phones



NLP… it’s all components



Evolu-on of Sta-s-cal Training in
Poli-cal Science



Evolu-on of Sta-s-cal Training in
Poli-cal Science

• 1985: Objec-ve is to get grad students to take
advanced courses in econometrics
– Hint: 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is to get grad 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econometrics
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SEM, co‐integra-on models

• 2010: Objec-ve is to develop advanced
techniques that will be adopted in other
disciplines
– Imai, Sekhon, Fowler, Gill, King
– Hint: Medical schools are rumored to pay be^er
than the liberal arts
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• Old model:
– “We’ll just hire a programmer because that will be more
efficient than doing it ourselves”

• Reality
– Computer science departments and ExxonMobil can’t find
enough programmers either

– You take a serious efficiency hit in trying to explain what
you want done

– You may take a serious efficiency hit in not doing the task
in the best way—NLP (and sta-s-cs) are specialized
subfields

– Jurassic Park vs. computa-onal linguis-cs



We need…

• Some formal training in core algorithms and
data structures
– Not just AP Java

• Rapid development scrip-ng languages:
perl and Python

• Lingua franca (and GUI): Java

• High performance: C/C++
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• From a single source…
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No, not 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kind of Bacon…



Bacon!

Francis Bacon [1561 – 1626]
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Relevant scien-fic principles from
Sir Francis

• The en-re scien-fic method
– With addi-onal help from Galileo and Descartes

– Won’t want to discard all that now, would we?
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Relevant scien-fic 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• Knowledge comes from induc-on, not just
theory
– What’s wrong with theory??? I’m not a real
poli-cal scien-st unless I have many, many, many
theories…



Yeah, right…



Or this?…
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• Knowledge comes from induc-on, not just
theory
– “If you’ve got too much data, you need be^er
theory’ if you’ve got too much theory, you need
be^er data”

– When theory trumps data, you have Scholas-cism

– Which dominated the academic world for 250
years a]er Bacon and Descartes
° Which is hardly reassuring
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– Predic-ve power is the only feature that
dis-nguishes astronomy from astrology

• Really…this is not just a cheap shot

– Focus on predic-on and you will also wean
yourself from frequen-sm

• p‐value frequen-sm and the logical‐hypothe-cal
method are mutually inconsistent
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Relevant 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• Science should serve the public good
– At least think about trying to developing sta-s-cal
methods for applied forecas-ng

– Maj Gen Michael Flynn, Fixing Intel: A blueprint
for making intelligence relevant in Afghanistan

– They need all the help they can get…





Ques-ons?

Philip A. Schrodt
Poli-cal Science
Pennsylvania State University
State College, PA 16802

Phone: 814‐863‐8978

Email: schrodt@psu.edu

Project Web Site: h^p://eventdata.psu.edu
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LM ATL Results by Model



ICEWS Evalua-on Criteria



Contemporary Event Data

• Substate and nonstate actors; most analysis deals
with protracted conflicts

• Single‐conflict and regional coverage

• Automated coding

• Source texts are from wire services (Reuters, AFP)

• Sta-s-cal models are very complex


