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Abstract

In this paperwepresentanapproachto identifyingpat-
ternsof behavior precedingpolitical instability events
in countriesfrom sampledfactordata. This processis
basedon the conceptof state-spaceback-chaining.A
list of sampled,quantizedfactor datasampledover a
rangeof discretetimesde�ne a”state-space”of acoun-
try, andthelist of quantizedfactordataassociatedwith
acountryataparticularinstancein timede�nesastate.
Thestateof a countrychangesover time andinstances
of two countrieschangingin the samemannerde�ne
a pattern. At somecountry statespolitical instability
eventsof interest(suchasthe onsetof regime change,
insurgency, ethnicviolence,etc)maybeobservedto oc-
cur. We discussa methodto identify the setof factors
whichde�ne astatespaceandpatternfor combinations
of selectedpolitical instabilityeventsof interestsuchas
rebellion,insurgency, civil war, etc.This approachcan
beusedto identify theobservablebehaviors beforethe
occurrenceof eventsof interest.Thebackwardschain-
ing methodologyis implementedin the Java program-
ming languageand run over a set of factor data. We
presenta patternfor domesticpolitical crisis foundus-
ing thismethod.

Intr oduction
A majorchallengein computationalpolitical scienceis the
problemof identifying symptomaticprecursorsto political
instabilityeventssuchasrebellion,insurgency, civil war, etc
In this paperwe presenttheºbackwardschainingºmethod-
ology to discover quantitative changesin thepropertiesof a
countrywhichprecedepolitical instabilityeventsandareex-
hibitedin multiplecountries.With thisknowledgewewould
notonly beableto betterunderstandthefactorsthatdrive(or
at leastprecede)political instability, but we would have an
approachto forecastingtheoccurrenceof political instabil-
ity.

Our approachto patterndiscovery is basedon thesuppo-
sitionthatthephenomenawhichcause(or at leastarerelated
to) theoccurrencesof Political Eventsof Interest(EoIs)ex-
hibit similar symptomaticbehaviorsacrossmultipleEoI oc-
currences.For example,for countrieswith rebellionsdriven
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by the desirefor freedomby internal ethnic groupscom-
monly exhibit increasingethnictensionandviolencebefore
theoccurrenceof ethnicrebellions.Ourmethodologyto dis-
coveringpatternsis servedby theuseof regularly sampled
factordata.A sampledfactoris anquanti®ablemeasurement
that may be taken (or sampled)from a countryat discrete,
regular pointsin time. Examplefactorspotentiallyinclude
GDP, theratesof occurrenceof variouswordsin thenational
press,theaveragecaloric intake,etc...Thesamplingperiod
of factordatamaybeoverany regularperiod(suchasyearly,
monthly, weekly) aslong asthe samplingperiodandmea-
surementmethodologyis constant.Naturally, somefactors
maybeeasierto measureaccuratelythanothers.

To identify patternsof changesin factorsprecedingpo-
litical instability events we usedthe backwards chaining
methodology. The backwardschainingmethodologyper-
mits us to identify which factorschangeidentically over a
®xednumberof time stepsin the time periodleadingup to
the occurrencesof eventsof interestin selectedcountries.
The identi®cationof how speci®cfactorschangeover time
leadingto theoccurrenceof anEoI de®nesa patternin the
context of ourbackwardschainingmethodology.

In thecontext of ourbackwardschainingmethodologythe
setof factorsrepresentstheconditionof a countryat partic-
ular momentsin time. We usetheequivalencerelationships
for the various factors to identify what possiblediscrete
combinationsof factorsarereachableby thecountries.We
combinemultiple factorsidenti®edby thebackwardschain-
ing methodologyto de®nethemulti-dimensionalºstateºof
a countrywhereeachfactor is a dimensionin the stateof
the country. The setof all possiblestatesfor all countries
with respectto asetof factorsde®nesaºstatespace.º Based
on discoveredpatternsof changesin factorsleadingto the
occurrenceof EoIs, we can generateearly-warning fore-
castsof EoIs if early portionsof the patternsareobserved
in real-time for a speci®ccountry. For our experimenta-
tion we searchfor patternsthat lead to EoIs driven by (or
at leastrelatedto preceding)governmentpolicy andimme-
diateantecedentbehavior. Examplesof this preceding(and
possiblydriving) behavior includeshiftsin governmentpol-
icy andeconomicperformance.Theseantecedentconditions
cancreateagitationandsparkviolenceamongstthe coun-
try's populationwhenexpectationsarelet down or thereis
aspike in repression.Importantly, contextual informationis



non-trivial: somefactorsin a patternstatespacemight not
changeover time, but they setan importantcontext for the
country's stateevolution.

It is alsoimportantto notethe importanceof equi®nality
in this analysisaswell. A countrymay or may not follow
multiple patternsleadingto EoI occurrencesimultaneously,
andtheremaybemultiple meansto a sameend.For exam-
ple, a countrysuchasIndia may containmultiple typesof
rebellionor may exhibit the antecedentsfor several rebel-
lionssimultaneously.

This sectionof the report is organizedas follows. Sec-
tion discussesthe theoreticalbasisfor our analysis. Sec-
tion presentsour backwardschainingmethodology. Sec-
tion presentsand discussesa patterndiscoveredwith our
methodologyandseveralpatternsfor insurgency.

A Theoretical Basisfor the Pattern Concept
Westartour investigationwith thebelief thattheoutbreakof
violencewill be characterizedby equi®nality, ºmany alter-
native causalpathsto the sameoutcome(George andBen-
nett 2005),º in other words thereis not one causeof EOI
outbreaks.Theremay be a set of factorsthat make those
outbreaksmoreor lesslikely but we believe therearea set
of potentialcausalpathways that are likely to lead to out-
breakof non-stateactorviolencetowardsthestate.We are
interestedin exploring the combinationalpower of various
factorsasthey leadto EOI's. To do this we build on efforts
to useBooleananalysis(Ragin2000)to understandpolitical
activity º while allowing for ºmultiple causalmechanisms
(Chan2003). Most of this work thoughstartswith collect-
ing dataon what is trying to be explainedratherthencol-
lectingdataon both thegeneralenvironment(thedogsthat
don't bark - andthecatsthatnever would) aswell asthose
occasionswherethereis anoutbreakof anEOI.

For the backwardschainingprocesswe identify which
factorschangein the samemannerfor several time steps
leadingup to all occurrencesof a particularEoI. Thecom-
binationof all of the factorswhich all changein the same
mannerfor a®xednumberof timestepsleadingupto all oc-
currencesof aparticularEoI de®neapattern.By identifying
which speci®cfactorswhich in combinationexhibit symp-
tomaticbehavior leadingto EoI occurrences,we arecloser
to ourongoinggoalof obtainingearlywarningderivativere-
sultsinformedby factorcombinatoricsin a semi-automated
manner. Our hypothesisis that by identifying sucha pat-
tern,onecanusethis patternto detectconditionswhich are
precursorsto theoccurrencesof EoIsandhencehaveafore-
castingcapabilityfor EoI occurrence.

It is importantto notethata countrymayor maynot fol-
low multiple patternsleadingto EoI occurrencesimultane-
ously, andtheremaybemultiple meansto a sameend. For
example,acountrysuchasIndiamaycontainmultipletypes
of rebellionor mayexhibit theantecedentsfor severalrebel-
lionssimultaneously.

In oureffort to build onBooleanthinkingweusetheback-
wardchainingapproachto gobeyondthesmalln effortsthat
have beenthefocusof mostBooleananalysisandto extend
the effort temporallysuchthat we look for patternsacross

variablesandacrosstime. Froma policy perspective ouref-
forts allow usto identify combinationsof changingpatterns
of behaviors within particularlargersociopoliticalcontexts
thatarelikely, basedon pastexperienceto leadto EOI out-
breaksata temporalpointdistantfrom theactualoutbreak.

Our analyticaleffort is beingdriven by an approachthat
does not privilege any particular social sciencetheoreti-
cal bias relatedto violent con�ict (for example the greed
- grievanceargument).Insteadwe have endeavoredto draw
from the besttheoreticalmodelswe have beenableto ®nd
andto operationalizetheoriesin ananalyticallyusefulway.
Oureffortsaredirectedatcreatingasynthesisthatdrawsthe
mostsuccessfulcomponentsfrom eachof thethreeperspec-
tives into a coherentwhole that canbe usedto understand
andpredictEoIs. To startwith we drew explicitly from the
greed(Collier et al. 2003),grievance(Gurr2000), resource
mobilization(McAdam,McCarthy, andZald 1996),politi-
cal opportunitystructure,(externalanddemographic)pres-
sures(Tarrow 2001), culture/values(Goldstone2001)and
leadershipliteratures(HermanandHerman1989). In this
effort we are looking to identify factorsthat help explain
rareevents- the outbreakof differentkinds of political vi-
olence.In generalwe view EoI emergence,asa productof
interactionsbetweencausalfactorsatdifferentlevelsof aso-
cial environment. Someaspectsof that socialenvironment
aremorechangeableandstochasticwhile otheraspectsare
relatively rigid andpredictable.Thesevariablescombinein
differentpatternsto producefuturebehavior-in ourcasepat-
ternsof violence.

In our current analysiswe focus on the variablesthat
changeleading up to the EOI's but we should recognize
thatthebackwardchainingapproachweareusingallowsus
to alsoidentify theongoingunchangingfactorsthatgo into
creatingastatespacewherethechangesin particularbehav-
ioral andpolicy factorsmove a countrytowardsexperienc-
ing andEOI. The largerstatespaceof countriesprimedfor
anEOI arede®nedby elementslike generalpolitical insta-
bility marriedto anocratic(regimesbetweendemocracy and
autocracy) political structuresor low levelsof militarization.
Whatwe®nd is thatwhenthesetypesof conditionsexist the
stageis setfor anEOI. Thestagethoughis not whatsparks
theEOI.

AcrossthedifferentEOI'sweare®ndingis thatageneral
declinein goodexpressionsandbehavior anda rise in bad
expressionsandbehaviors - althoughnot asoftenaswe see
thegoodgoingdown. CertainvariablesrepeatacrossEOIs
asleadingbehavioral indicators.Speci®cally:

� Thegeneralcountof goodbehavior goesdown.

� Effortsatpublicdiplomacy godown.

� Protestbehavior tendsto godown.

The®rst two changesarefairly intuitive - goodbehavior is
an encodingof how often ºgoodºexpressionsappearedin
the popularpressfor a given countryover a 1-monthtime
span.Thechangeslattermaybeseenascounterintuitive in
thatwecanthink of protestsasastepforwardonthecontin-
uum of contentiousbehavior (McAdam, Tarrow, andTilly
2001). On the other handif we envision contentionas a



choicebetweenseveral kinds of contention(eachone ex-
actinga cost) thenthe withdrawal from a non-violentcon-
tentionmaybea signthatoppositiongroupsarereposition-
ing their resourcesfor moreviolentapproachesandgovern-
mentsareexpendingresourcesto drive this behavior down
- perhapsunwittingly pushingopponentsinto activities that
aremuchmoredangerous.Overall, our approachallows us
to modeldifferentpatternsof changewithin a broaderun-
changingstatespacethatleadsto violence.

The BackwardsChaining Methodology
In this sectionwe presentour methodologyfor automati-
cally discovering patternsbasedon the backwards chain-
ing methodologyprocess.We implementedthis processin
theJavaprogramminglanguageto automaticallyobtaindata
fromadataserver, searchoverthedatain anautomatedman-
nerto identify key factorchangesthatprecedeselectedEoIs
to identify patterns.

To discover patterns using the backwards chaining
methodologywe developedalgorithmsandwrote software
to identify factors that changeºidenticallyº over a ®xed
numberof sampletimes in the time period leadingup to
the occurrencesof user-selectedEoI advents. We de®ne
an equivalencerelationshipfor the factor valuesbasedon
quantizationlevelsof thosefactorsthatwasimplementedin
our factor identi®cationtool. We usethat equivalencere-
lationshipto determinewhenchangesin factorsaresimilar
enoughto becalledºidenticalº.

For thebackwardschainingmethodology, wede®neapat-
ternfor theadventof anEoI to be:
1. A setof factors,and

2. A descriptionon how eachof thosefactorschangequan-
titatively a ®xed numberof time stepsbeforethe advent
of anEventof Interestin at leasttwo distinctinstances.

Thesetof factorswhichde®neapatternmayincludeafactor
thatrepresentspreviousoccurrencesof theadventof theEoI
itself.

An exampleof ahypotheticalidenti®cationof two factors
thatchangeidenticallyin thetime precedingtheoccurrence
of anEoI is seenin Figure1. This®gureshowsthevaluesof
two factors(quality of governmentandlevel of corruption)
for two countriesfor several quartersprecedingthe occur-
renceof the EoI rebellion. The trajectoryof one country
is shown usinga black line and the trajectoryof a second
country is shown usinga light blue line. In this example,
thevaluesof theQualityof GovernmentandCorruptionare
nearly the samefor up to threequartersbeforethe occur-
renceof Rebellion.Althoughin all of thepatternexamples
we discussin this paperarederived from behaviors in two
differentcountriesat two differenttimes,our patternscould
bederivedfrom thebehavior of two differentcountriesatthe
sametimeor eventhesamecountryat two differenttimes.

In the context of our backwardschainingmethodology,
the set of factorsthat de®nea patternrepresentsthe spe-
ci®c aspectsof theconditionof a countryat particularmo-
mentsin time. Basedon discoveredpatternsof changesin
factorsleadingto theadventof EoIs,wecangenerateearly-
warningforecastsof EoIsif earlyportionsof thepatternsare

observed in real-timefor a speci®ccountry. Although we
arediscoveringpatternsusingtrainingfactordatainsidethe
AOR, the patternscanbe usedto forecastEoI occurrences
outsideof theAOR.

In general,we searchfor patternsthatleadto EoIsdriven
by (or at leastrelatedto preceding)governmentpolicy and
immediateantecedentbehavior. Examplesof this preced-
ing (andpossiblydriving) behavior includeshiftsin govern-
mentpolicy andeconomicperformance.Theseantecedent
conditionscancreateagitationandsparkviolenceamongst
thecountry's populationwhenexpectationsarelet down or
thereis a spike in repression.It is importantto notethatwe
aresearchingfor andforecastingon factorsactingin com-
binationandover time which causetheadventof eventsof
interest.Contextual informationis non-trivial: somefactors
in apatternstatespacemightnotchangeover time,but they
setanimportantcontext for thecountry's stateevolution.

An overview of our processof identifying factorsfor a
patternareasfollows: (Wedescribethesestepsin detailbe-
low.)

1. Identify EoI occurrencesfor which patternsshould be
identi®ed.

2. QuantizeFactorData.

3. Determinewhich factorsareidenticalfor all instancesfor
a user-speci®ednumberof timesstepsbeforeEoI occur-
rence.

Thisprocessis presentedgraphicallyin Figure2.
Wenow discussthisprocessin moredetail:

Identify EoI adventsfor which patternsshouldbe
identi�ed.
Thisstepis usedto identify theprimaryoperationalinput to
thebackwardschainingprocessin additionto thefactordata.
Weuseourbackwardschainingapproachfor sequentialpat-
ternidenti®cationwith theunderstandingthatnotall EoI ad-
ventsof the sametype aredriven by the sameunderlining

Figure1: Theidenti�cation of factorsleadingto anEoI.



process.(For example,internationalcrisesmaybedrivenby
ethnicdivisions,resourcecontentionor any othernumberof
driving forces.)This stepis primarily a user-drivenprocess
to selectcountriesandtimeswhereinterestingpatternsare
mostlikely to befound. Oneof our mainhypothesesis that
if we attemptedto identify patternsusingunrelatedEoI ad-
ventsasinput, thenwe would not ®nd meaningfulpatterns,
if wewereto ®nd any patternsatall.

QuantizeFactor Data.
In order to processthe factordatato identify what factors
changeidentically for a numberof time stepsprecedingan
EoI, from setof raw factordatafor eachcountry, we cre-
atetwo quantizedfactors.Onequantizedfactoris a straight
linearquantizationof theraw factordata,andasecondquan-
tized factoris a linearquantizationof thenaturallogarithm
of the raw factordata. The processof creatingtwo setsof
quantizedfactordatafrom oneraw factoris shown in Figure
3.

Although the straightlinear quantizationfactorsprovide
an indicationof the relative valueof a factorchangesover
time, this approachcannot easily account for order-of-
magnitudevariationsin factorvaluesfrom countryto coun-
try or fromtimeto time. Weusethelogarithmicquantization
becauseprovidesan indicationof how the orderof magni-
tudeof a factorvaluechangesover time.

To generatethe logarithmic factor datafrom the source
factordatawe usedthe naturallogarithm function in Java.
When factorscontaindatathat was unde®nedfor the nat-
ural logarithm operation(suchaswhenthe factordatawas
lessthanor equalto zero),we did not usethe logarithmic
quantizationof thatfactor.

For our initial experimentswe obtainedmultiple mean-
ingful resultswith factordatathatwasautomaticallyquan-
tizedto either3, 4 and5 quantizationlevels for our experi-
mentationfactordata.Notethatweuseall of thefactordata
to performthequantizationoperationto ensurethatwehave
a suf®ciently broadview of how thevariousfactorschange

Figure2: ThePatternIdenti®cationConceptof Operations.

over time. If we wereto quantizethefactordatausingonly
thefactorvaluesthatde®netheEoIs,thefactorquantizations
wouldbeskewedto thosecountries.

Determinewhich factors are identical for all
instancesfor a user-speci�ed number of timessteps
beforeEoI occurrence.
For eachEoI adventselectedby theuserto constructthepat-
ternwe identify on anautomatedquantizedfactorby quan-
tized factorbasiswhich of the factorshave identicalvalues
for auser-de®nednumberof timestepsbeforetheadventof
theEoI in thecountrieswheretheEoIsoccurred.Thesecol-
lectionsof factorsandhow they changeovertimeleadingup
to theoccurrenceof anEoI de®neapattern.

We list thepatternswe foundin a latersectionandonour
website,but in thenext subsectionwe presentanddiscuss
a representative patternwe found throughour backwards
chainingprocess.

As a preliminaryvalidationof the factorsthatwe found,
we testedto seeif any countriesin the testdataAOR have
identicalhistoricalvaluessuchthat they matchexactly the
factorsin ourpatterns.Weimplementedthis functionalityin
theJava programminglanguageto take discoveredpatterns
andautomaticallytest if any countriesin the testdataover
any daterangethatwe have factordatafor matchesthepat-
tern. If any countrymatchesthefactorvalues,but therewas
noEoI presentin thecountryfor theperiodimmediatelyaf-
ter thepatternmatch,thenwe declaredthat thepatternhad
a ºfalsealarmº. In generalwe found that therewerevery
few or no falsealarmsin our discoveredpatterns. In the
discoveredpatternsthatwereoutputby our automatedpat-
tern discovery processthereis generallya large numberof
factorswhich areidenticalin thetime leadingup to thead-
ventof EoIs,but a relatively smallnumberof factorswhich
changeover time precedingtheEoIs. We hypothesizedthat
the changingfactorsare symptomaticpredecessorsof the
EoIsandtheconstantfactorsareeithercontextual informa-
tion for thechangingfactorsto precedetheadventof theEoI

Figure3: TheDataQuantizationProcess.



or they areextraneousinformation. To identify the neces-
saryconstantcontextual factorsin our patternsandremove
the extraneousconstantfactorsin our patterns,we repeat-
edly andrandomlyremoved constantfactorsfrom the pat-
ternthatdoesnotdecreasethefalsealarmrate.Werepeated
thisprocessmany timesto ®ndanapproximationto themin-
imal numberof constantfactorsneededto de®nea pattern
for thede®ningEoIswith a low falsealarmrate.

PatternsDiscoveredUsingOperational Data
We now discussrepresentative resultsof our patternsearch
and presentseveral patterns. For our factor datawe used
a combinationof datafrom the QoG compilationimputed
monthly and additional in-housefactor dataderived from
counting the occurrencesof certainwords in news-feeds.
Whenanalyzingthe quantizedfactorsselectedthroughthe
back-chainingmethodologyto de®nea pattern,we gener-
ally seethatadeclineof thegoodexpressionsandbehaviors
areleadingmany of theadventsandtheriseof badexpres-
sionsin thepublicpressandbehaviorsareaswell- although
not as often as we seethe good going down. Our useof
the terminologyºlow, moderate,highº, etc is usedto indi-
catetherelativequantizationlevel of thefactoratthevarious
timesteps.This informationis in asenseredundantbecause
we usenumericindicationsof quantizationlevel (0, 1, 2, ),
but weincludedthequalitative indicatorsbecauseit maynot
alwaysbeclearwhatthenumericlevelsrepresentdueto the
varyingquantizationlevelsacrosspatterns.

Our ®rst example(which canbe seenbelow in Table1)
is onethat looks at the advent of DomesticPolitical Crisis
(DPC) usinga three-level quantization. It is basedon ad-
ventsof DPC in Malaysiain Jan,1999andNepal in May,
1998.Thegeneralcontext is a moderate(but not low) level
of militarizednon-stateactorsasafunctionof thetotalnum-
ber of non-stateactors(NSA) within the framework of an
autocraticcountry. As we mentionedabove (andthis DPC
resultis a classicexampleof this) whatwe areseeingis the
riseof badexpressionsandbehavior ascapturedin ourcount
or badºwordsandactionsºanda declinein a similar mea-
surefor goodºwordsandactions.º

Turning our attentionto otherpatternswe found for in-
surgencies(Tables2 thru 4) we offer examplesthat areat
differentquantizationlevels andbasedon differentcombi-
nationsof casesthat tell relatedbut differentstoriesabout
whenviolenceis likely to breakout. In theTable2 pattern
weseeaclearexampleof thefall of goodºwordsºcombined
with problematiccontexts (like high instability combined
with very low militarization) can lead to wide scaleorga-
nizedviolence. Using a differentquantizationbut building
on the samecountrieswe seea differenttwist to the story.
Protestsfall from high to moderate.This maybeanindica-
tion of aswitchof strategieson thepartof oppositionforces
astherepositiontheirresourcesto moreviolentmeans.Note
thatthisstill in thecontext of low or dropping(dependingon
how measured)countsof generalgoodºwordsandactions.º
Thepatternin Table3 usesonedifferentcountryandseveral
differentvariablestellsasimilarstoryaboutfalling goodac-
tion andstatementswhile thepatternin Table4 again iden-
ti®es a fall in protestasa cleardangersign given the right

contextual variables.
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Table1: DPCfor Malaysiain Jan,1999andNepalin May, 1998QuantizationLevel 3

Factor Quantization
Method

DPConsett-3 DPConsett-2 DPConsett-1

Tensionbad/count Linear 0-low 1-moderate 1-moderate
Tensiongood/count Linear 2-high 2-high 1-moderate

Polity 2 Linear 0-low 0-low 0-low
Militarized nsa/nsa Linear 1-moderate 1-moderate 1-moderate

Table2: Insurgency for IndonesiaJan.,2001,MalaysiaAugust2001QuantizationLevel 3

Factor Quantization
Method

Insurgency onsett-3 Insurgency onsett-2 Insurgency onsett-1

Tensiongood Log 2-high 1-moderate 1-moderate
Publicstatements Log 2-high 1-moderate 1-moderate

Tensiongoods/count Linear 0-low 0-low 0-low
Political globalization Linear 2-high 2-high 2-high

Good/Tokens Linear 0-low 0-low 0-low
milpertpop Linear 0-low 0-low 0-low
Log Polcon Log 2-high 2-high 2-high

Instabl Linear 2-high 2-high 2-high

Table3: Insurgency for IndonesiaJan.,2001,MalaysiaAugust2001QuantizationLevel 5

Factor Quantization
Method

Insurgency onsett-3 Insurgency onsett-2 Insurgency onsett-1

Protest Log 3-high 2-moderate 2-moderate
Anti-market regulatoryquality Log 4-veryhigh 4-veryhigh 3-high

Tensiongoods/count Linear 1-low 1-low 1-low
Log investigate Log 2-moderate 2-moderate 2-moderate

Table4: Insurgency for IndonesiaMay., 2003,ThailandJan.,2004QuantizationLevel 3

Factor Quantization
Method

Insurgency onsett-3 Insurgency onsett-2 Insurgency onsett-1

Tensiongood Log 2-high 1-moderate 1-moderate
PublicStatements Linear 2-high 1-moderate 1-moderate

Diplomaticcooperation Linear 2-high 1-moderate 1-moderate
PoliticalConstraints Linear 1-moderate 1-moderate 1-moderate

Percentof neighborsdemocratic Linear 0-low 0-low 0-low
Religiousfractionalization Linear 0-low 0-low 0-low

PoliticalRights Linear 1-moderate 1-moderate 1-moderate

Table5: Insurgency for LaosFeb., 2003,ThailandJan.,2004QuantizationLevel 3

Factor Quantization
Method

Insurgency onsett-3 Insurgency onsett-2 Insurgency onsett-1

ProtestBehaviors Log 1-moderate 1-moderate 0-low
Distrust/bad Log 2-high 1-moderate 1-moderate
bad/tokens Linear 0-low 0-low 0-low

LinguisticFractionalization Linear 2-high 2-high 2-high
PhysicalIntegrity Rights Linear 1-moderate 1-moderate 1-moderate


