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Abstract

In this papemwe presentanapproactto identifying pat-
ternsof behaior precedingpolitical instability events
in countriesfrom sampledfactordata. This processs
basedon the conceptof state-spacéack-chaining.A
list of sampled,quantizedfactor datasampledover a
rangeof discretedimesde ne a”state-spacedf acoun-
try, andthelist of quantizedactordataassociatedvith
acountryataparticularinstancdn time de nesastate.
The stateof a countrychangesver time andinstances
of two countrieschangingin the samemannerde ne
a pattern. At somecountry statespolitical instability
eventsof interest(suchasthe onsetof regime change,
insulgengy, ethnicviolence etc)maybeobseredto oc-
cur. We discussa methodto identify the setof factors
which de ne a statespaceandpatternfor combinations
of selectedpolitical instability eventsof interestsuchas
rebellion,insulgeng, civil war, etc. This approackcan
be usedto identify the obsenable behaiors beforethe
occurrenceof eventsof interest. The backwardschain-
ing methodologyis implementedn the Java program-
ming languageand run over a setof factor data. We
presenta patternfor domesticpolitical crisis found us-
ing this method.

Intr oduction

A major challengein computationapolitical scienceis the
problemof identifying symptomaticprecursorgo political
instability eventssuchasrebellion,insulgeng, civil war, etc
In this paperwe presenthe °backvardschaining®method-
ology to discover quantitatve changesn the propertiesof a
countrywhich precedepolitical instability eventsandareex-
hibitedin multiple countries With this knowledgewe would
notonly beableto betterunderstanthefactorshatdrive (or
at leastprecede)political instability, but we would have an
approacho forecastinghe occurrenceof political instabil-
ity.

Our approachto patterndiscovery is basedon the suppo-
sitionthatthephenomenahich causgor atleastarerelated
to) the occurrencesf Political Eventsof Interest(Eols) ex-
hibit similar symptomatidehaiors acrosamultiple Eol oc-
currencesFor example,for countrieswith rebellionsdriven
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by the desirefor freedomby internal ethnic groupscom-
monly exhibit increasingethnictensionandviolencebefore
theoccurrencef ethnicrebellions.Our methodologyto dis-
covering patternss sened by the useof regularly sampled
factordata.A sampledactoris anquanti®ablemeasurement
that may be taken (or sampled)rom a countryat discrete,
regular pointsin time. Examplefactorspotentiallyinclude
GDR theratesof occurrencef variouswordsin thenational
pressthe averagecaloricintake, etc... The samplingperiod
of factordatamaybeoverary regularperiod(suchasyearly,
monthly, weekly) aslong asthe samplingperiodand mea-
suremeninmethodologyis constant.Naturally, somefactors
may be easietto measureaccuratelthanothers.

To identify patternsof changesn factorsprecedingpo-
litical instability events we usedthe backwards chaining
methodology The backwards chaining methodologyper
mits us to identify which factorschangeidentically over a
®xed numberof time stepsin the time periodleadingup to
the occurrence®f eventsof interestin selectedcountries.
Theidenti®cationof how speci®cfactorschangeover time
leadingto the occurrenceof an Eol de®nesa patternin the
contet of our backwardschainingmethodology

In thecontext of ourbackwardschainingmethodologythe
setof factorsrepresentshe conditionof a countryat partic-
ular momentsn time. We usethe equivalencerelationships
for the various factorsto identify what possiblediscrete
combinationf factorsarereachabley the countries.We
combinemultiple factorsidenti®edby the backwardschain-
ing methodologyto de®nethe multi-dimensionaPstate®f
a countrywhereeachfactoris a dimensionin the stateof
the country The setof all possiblestatesfor all countries
with respecto a setof factorsde®nesa °statespace.Based
on discoveredpatternsof changesn factorsleadingto the
occurrenceof Eols, we can generateearly-warning fore-
castsof Eolsif early portionsof the patternsare obsered
in real-timefor a speci®ccountry For our experimenta-
tion we searchfor patternsthat leadto Eols driven by (or
atleastrelatedto precedinggovernmentpolicy andimme-
diateantecedenbehaior. Examplesof this precedingland
possiblydriving) behaior includeshiftsin governmentpol-
icy andeconomigerformanceTheseantecedentonditions
cancreateagitationand sparkviolenceamongstthe coun-
try's populationwhenexpectationsarelet down or thereis
aspike in repressionimportantly contextual informationis



non-trivial: somefactorsin a patternstatespacemight not
changeover time, but they setanimportantcontet for the
country’s stateevolution.

It is alsoimportantto notethe importanceof equi®nality
in this analysisaswell. A countrymay or may not follow
multiple patterndeadingto Eol occurrencesimultaneously
andtheremay be multiple meango a sameend. For exam-
ple, a countrysuchasIndia may containmultiple typesof
rebellion or may exhibit the antecedent$or several rebel-
lions simultaneously

This sectionof the reportis organizedasfollows. Sec-
tion discusseghe theoreticalbasisfor our analysis. Sec-
tion presentsour backwardschainingmethodology Sec-
tion presentsanddiscusses patterndiscoveredwith our
methodologyandseveral patterngor insuigeng.

A Theoretical Basisfor the Pattern Concept

We startourinvestigationwith thebeliefthatthe outbrealof
violencewill be characterizedby equi®nality °mary alter
native causalpathsto the sameoutcome(Geoge andBen-
nett 2005)° in otherwords thereis not one causeof EOI
outbreaks. Theremay be a setof factorsthat make those
outbreaksmoreor lesslikely but we believe therearea set
of potentialcausalpathwaysthat arelikely to leadto out-
breakof non-stateactorviolencetowardsthe state. We are
interestedn exploring the combinationalpower of various
factorsasthey leadto EOIl's. To do this we build on efforts
to useBooleananalysigRagin2000)to understangbolitical
activity © while allowing for °multiple causalmechanisms
(Chan2003). Most of this work thoughstartswith collect-
ing dataon whatis trying to be explainedratherthencol-
lecting dataon both the generalernvironment(the dogsthat
don't bark - andthe catsthat never would) aswell asthose
occasionsvherethereis anoutbreakof anEOI.

For the backwards chaining processwe identify which
factorschangein the samemannerfor several time steps
leadingup to all occurrence®f a particularEol. The com-
binationof all of the factorswhich all changein the same
manneffor a®xednumberof time stepdeadingupto all oc-
currence®f aparticularEol de®neapattern.By identifying
which speci®cfactorswhich in combinationexhibit symp-
tomaticbehaior leadingto Eol occurrenceswe are closer
to ourongoinggoalof obtainingearlywarningderivative re-
sultsinformedby factorcombinatoricsn a semi-automated
manner Our hypothesisis that by identifying sucha pat-
tern,onecanusethis patternto detectconditionswhich are
precursorgo theoccurrencesf Eolsandhencehave afore-
castingcapabilityfor Eol occurrence.

It is importantto notethata countrymay or may not fol-
low multiple patterndeadingto Eol occurrencesimultane-
ously andtheremay be multiple meango a sameend. For
example,acountrysuchasindiamaycontainmultiple types
of rebellionor mayexhibit theantecedentfor severalrebel-
lions simultaneously

In oureffort to build onBoolearnthinkingwe usetheback-
wardchainingapproactio gobeyondthesmalln effortsthat
have beenthe focusof mostBooleananalysisandto extend
the effort temporallysuchthat we look for patternsacross

variablesandacrosgime. Froma policy perspectie our ef-
forts allow usto identify combinationsof changingpatterns
of behaiors within particularlarger sociopoliticalcontexts
thatarelikely, basedon pastexperienceto leadto EOI out-
breaksatatemporalpoint distantfrom theactualoutbreak.

Our analyticaleffort is beingdriven by an approactthat
doesnot privilege ary particular social sciencetheoreti-
cal biasrelatedto violent conict (for examplethe greed
- grievanceargument).Insteadwe have endeaoredto drav
from the besttheoreticalmodelswe have beenableto ®nd
andto operationalizeéheoriesin ananalyticallyusefulway.
Our efforts aredirectedat creatinga synthesighatdravsthe
mostsuccessfutomponent$rom eachof thethreeperspec-
tivesinto a coherentwhole that canbe usedto understand
andpredictEols. To startwith we drew explicitly from the
greed(Collier etal. 2003),grievance(Gur2000), resource
mobilization (McAdam, McCarthy, andZald 1996), politi-
cal opportunitystructure (externalanddemographicpres-
sures(Tarrov 2001), culturehalues (Goldstone2001)and
leadershigiteratures(Hermanand Herman1989). In this
effort we are looking to identify factorsthat help explain
rare events- the outbreakof differentkinds of political vi-
olence.In generalwe view Eol emegence asa productof
interactiondetweercausafactorsatdifferentlevelsof aso-
cial environment. Someaspectof that socialervironment
aremore changeabland stochastiovhile otheraspectsare
relatively rigid andpredictable. Thesevariablescombinein
differentpatterngo producefuture behaior-in our casepat-
ternsof violence.

In our currentanalysiswe focus on the variablesthat
changeleading up to the EOI's but we should recognize
thatthe backward chainingapproactwe areusingallows us
to alsoidentify the ongoingunchangingactorsthatgo into
creatinga statespacenherethechangesn particularbeha-
ioral and policy factorsmove a countrytowardsexperienc-
ing andEOI. Thelarger statespaceof countriesprimedfor
an EOIl arede®nedby elementdik e generalpolitical insta-
bility marriedto anocratiqregimesbetweerdemocrag and
autocrag) political structurer low levelsof militarization.
Whatwe ®nd is thatwhenthesetypesof conditionsexist the
stageis setfor anEOI. The stagethoughis not whatsparks
theEOI.

AcrossthedifferentEOI's we are®ndingis thata general
declinein goodexpressionsaandbehaior andarise in bad
expressionsandbehaiors - althoughnot asoftenaswe see
the goodgoingdown. CertainvariablesrepeatacrossEOIs
asleadingbehaioral indicators.Speci®cally:

Thegenerakountof goodbehaior goesdown.
Efforts at public diplomag go down.
Protestehaior tendsto go down.

The ®rst two changesrefairly intuitive - goodbehaior is
an encodingof how often °good®expressionsappearedn

the popularpressfor a given countryover a 1-monthtime
span.The changedatter may be seenascounterintuitve in
thatwe canthink of protestsasa stepforwardonthecontin-
uum of contentiousbehaior (McAdam, Tarrow, and Tilly

2001). On the otherhandif we ervision contentionas a



choice betweensereral kinds of contention(eachone ex-

actinga cost)thenthe withdraval from a non-violentcon-
tentionmaybe a signthatoppositiongroupsarereposition-
ing their resourcegor moreviolentapproacheandgovern-
mentsare expendingresourceso drive this behaior down

- perhapaunwittingly pushingopponentsnto actuities that
aremuchmoredangerousOverall, our approactallows us
to modeldifferent patternsof changewithin a broaderun-
changingstatespacethatleadsto violence.

The Backwards Chaining Methodology

In this sectionwe presentour methodologyfor automati-
cally discovering patternsbasedon the backwards chain-
ing methodologyprocess.We implementedhis processn
the Java programmindanguagédo automaticallyobtaindata
from adatasener, searcloverthedatain anautomateanan-
nerto identify key factorchangeshatprecedeselectecEols
to identify patterns.

To discover patterns using the backwards chaining
methodologywe developedalgorithmsand wrote software
to identify factorsthat changeCidentically® over a ®xed
numberof sampletimesin the time period leadingup to
the occurrencef userselectedEol adwents. We de®ne
an equialencerelationshipfor the factor valuesbasedon
guantizatiorlevels of thosefactorsthatwasimplementedn
our factoridenti®cationtool. We usethat equivalencere-
lationshipto determinewhenchangesn factorsare similar
enoughto be called®identical°.

For thebackwardschainingmethodologywe de®nea pat-
ternfor theadwentof anEol to be:

1. A setof factors,and

2. A descriptionon how eachof thosefactorschangeguan-
titatively a ®xed numberof time stepsbeforethe adwent
of anEventof Interestin atleasttwo distinctinstances.

Thesetof factorswhichde®neapatternrmayincludeafactor
thatrepresentpreviousoccurrencesf theadwentof theEol
itself.

An exampleof ahypotheticalidenti®cationof two factors
thatchangedenticallyin thetime precedingheoccurrence
of anEolis seenn Figurel. This®gureshowvsthevaluesof
two factors(quality of governmentandlevel of corruption)
for two countriesfor several quartersprecedingthe occur
renceof the Eol rebellion. The trajectoryof one country
is shavn usinga black line andthe trajectoryof a second
countryis shovn usinga light blue line. In this example,
thevaluesof the Quality of GovernmentandCorruptionare
nearly the samefor up to three quartersbeforethe occur
renceof Rebellion. Althoughin all of the patternexamples
we discusdgn this paperare derived from behaiors in two
differentcountriesat two differenttimes,our patternscould
bederivedfrom thebehaior of two differentcountriesatthe
sametime or eventhe samecountryat two differenttimes.

In the context of our backwards chainingmethodology
the set of factorsthat de®nea patternrepresentghe spe-
ci®c aspectof the conditionof a countryat particularmo-
mentsin time. Basedon discoveredpatternsof changesn
factorsleadingto theadwentof Eols,we cangeneratesarly-
warningforecast®of Eolsif earlyportionsof thepatternsare

obsened in real-timefor a speci®ccountry Althoughwe
arediscovering patternausingtrainingfactordatainsidethe
AOR, the patternscanbe usedto forecastEol occurrences
outsideof the AOR.

In generalwe searcHor patternghatleadto Eolsdriven
by (or at leastrelatedto preceding)governmentpolicy and
immediateantecedenbehaior. Examplesof this preced-
ing (andpossiblydriving) behaior includeshiftsin govern-
mentpolicy and economicperformance.Theseantecedent
conditionscancreateagitationand sparkviolenceamongst
the country’s populationwhenexpectationsarelet dovn or
thereis a spike in repressionlt is importantto notethatwe
aresearchingor andforecastingon factorsactingin com-
binationandover time which causethe adwent of eventsof
interest.Contextual informationis non-trivial: somefactors
in apatternstatespacemight not changeovertime, but they
setanimportantcontext for the country’s stateevolution.

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

1. Identify Eol occurrencedor which patternsshould be
identi®ed.

2. QuantizeFactorData.

3. Determinewhichfactorsareidenticalfor all instancedor
a userspeci®ednumberof timesstepsbeforeEol occur
rence.

This processs presentedjraphicallyin Figure2.
We now discusghis processn moredetail:

Identify Eol adventsfor which patterns should be
identi ed.

This stepis usedto identify the primaryoperationalnputto
thebackwardschainingprocessn additionto thefactordata.
We useour backwardschainingapproactor sequentiapat-
ternidenti®cationwith theunderstandinghatnotall Eol ad-
ventsof the sametype are driven by the sameunderlining
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Figurel: Theidenti cation of factorsleadingto anEol.



process(For example,internationaktrisesmaybedrivenby
ethnicdivisions,resourcecontentionor ary othernumberof
driving forces.) This stepis primarily a userdrivenprocess
to selectcountriesandtimeswhereinterestingpatternsare
mostlik ely to be found. Oneof our mainhypothesess that
if we attemptedo identify patternsusingunrelatedeol ad-
ventsasinput, thenwe would not ®nd meaningfulpatterns,
if we wereto ®nd ary patternsatall.

Quantize Factor Data.

In orderto processhe factor datato identify what factors
changedentically for a numberof time stepsprecedingan
Eol, from setof raw factordatafor eachcountry we cre-
atetwo quantizedactors.Onequantizedactoris a straight
linearquantizatiorof theraw factordata,andasecondjuan-
tizedfactoris alinear quantizationof the naturallogarithm
of theraw factordata. The processof creatingtwo setsof
guantizedactordatafrom oneraw factoris shovn in Figure
3.

Although the straightlinear quantizationfactorsprovide
anindication of the relative value of a factorchangesover
time, this approachcannot easily accountfor orderof-
magnitudevariationsin factorvaluesfrom countryto coun-
try orfromtimetotime. We usethelogarithmicquantization
becauserovidesan indicationof how the orderof magni-
tudeof afactorvaluechange®vertime.

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

For our initial experimentswe obtainedmultiple mean-
ingful resultswith factordatathatwasautomaticallyquan-
tizedto either3, 4 and5 quantizatiorievelsfor our experi-
mentatiorfactordata.Notethatwe useall of thefactordata
to performthequantizatioroperatiorto ensurehatwe have
a suf®ciently broadview of how the variousfactorschange

Factor Data
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Figure2: The Patternldenti®cationConcepiof Operations.

overtime. If we wereto quantizethefactordatausingonly
thefactorvalueshatde®netheEols,thefactorquantizations
would be skewedto thosecountries.

Determine which factors are identical for all
instancesfor a userspeci ed number of times steps
before Eol occurrence.

For eachEol adwentselectedy theuserto constructhepat-
ternwe identify on anautomatedjuantizedactorby quan-
tized factorbasiswhich of the factorshave identicalvalues
for auserde®nednumberof time stepsheforethe advent of
theEol in thecountrieswherethe Eolsoccurred.Thesecol-
lectionsof factorsandhow they changeovertimeleadingup
to the occurrenceof an Eol de®nea pattern.

We list the patternave foundin alatersectionandon our
web site, but in the next subsectiorwe presentanddiscuss
a representatie patternwe found through our backwards
chainingprocess.

As a preliminaryvalidationof the factorsthatwe found,
we testedto seeif ary countriesin the testdataAOR have
identical historical valuessuchthat they matchexactly the
factorsin our patterns Weimplementedhisfunctionalityin
the Java programminganguageo take discoreredpatterns
andautomaticallytestif ary countriesin the testdataover
ary daterangethatwe have factordatafor matcheghe pat-
tern. If any countrymatcheghefactorvaluesbut therewas
no Eol presenin thecountryfor the periodimmediatelyaf-
ter the patternmatch,thenwe declaredhat the patternhad
a °falsealarm®. In generalwe found that therewere very
few or no falsealarmsin our discosered patterns. In the
discoreredpatternghat were outputby our automatedcat-
terndiscovery procesghereis generallya large numberof
factorswhich areidenticalin the time leadingup to the ad-
ventof Eols, but arelatively smallnumberof factorswhich
changeover time precedinghe Eols. We hypothesizedhat
the changingfactorsare symptomaticpredecessorsf the
Eolsandthe constanfactorsareeithercontetual informa-
tion for thechangingractorsto precedegheadwentof theEol

Source Data

Factor: Tension bad/count Factor: Log(Tension bad/count)

Time | Australia | Bangladesh | Bhutan | Buma | Cambodia Compute Time | Austalia | Bangladest| Bhutan | Buma | Cambodia
11998 | 00291 | o001 | 00291 [ 00291 | 00201 Log() 11008 | 23 23 23 23| 23
21908 [ 00355 | 00355 | 0055 | 00355 | 00355 of Factor 219 | 25 25 25 25| 25
31998 | 0025 | 0055 | 0025 | 0025 | 0025 Data 1098 | 223 223 228 | 22| 228
41908 | 00231 [ o02st | 00231 | 00est | ooat 41998 | 223 223 228 22| 28
51998 | 0025 0025 0025 | 0025 0025 51998 | 244 244 244 24| 244
61998 | 0.0244 0.0244 00244 | 00244 | 00244 61998 28 28 28 28 28
7-1008 | 00err | ooerr | ooer7 | ocerr | oer T | 29 | 29 20 | 20| 29
61998 | 00266 | 00266 | 00266 | 00266 | o002ss 6108 | 29 29 29 29|

Linearly Quantize Data Linearly Quantize Data

Two Resulting Quantized Factors

Logarithmic Quantized Factor: Tension bad/count

Linearly Quantized Factor: Tension bad/count

Time | Austala | Bangiadesn | Bhutan | Buma | Camboda Time | Austalia | Bangiadesh | Bhutan | Buma | Cambosia
2 198 | o ) 2

e | 0 o 2
21968
31988
o8

21998
31988

2
2

T <1008
3 51968
o

T

T

61998
7-1988

61998
7-1908
81998

1
[ 2
[ 2
1 1
i o
o o
o 1
0 1

1
3 2 1 o
o 2 | 1 1
o 2 [ 1
s | 0 2 1 1
o 2 | o o
o P o
0 2 | o o

81998

Figure3: The DataQuantizatiorProcess.



or they are extraneousnformation. To identify the neces-
saryconstantcontextual factorsin our patternsandremove

the extraneousconstantfactorsin our patterns,we repeat-
edly andrandomlyremoved constantfactorsfrom the pat-

ternthatdoesnot decreas¢hefalsealarmrate. We repeated
this processnary timesto ®nd anapproximatiorto themin-

imal numberof constantfactorsneededo de®nea pattern
for thede®ningEolswith alow falsealarmrate.

Patterns Discovered Using Operational Data

We now discussrepresentate resultsof our patternsearch
and presentseveral patterns. For our factor datawe used
a combinationof datafrom the QoG compilationimputed
monthly and additionalin-housefactor dataderived from
counting the occurrencef certainwords in news-feeds.
Whenanalyzingthe quantizedfactorsselectedhroughthe
back-chainingnethodologyto de®nea pattern,we gener
ally seethata declineof thegoodexpressiongandbehaiors
areleadingmary of theadwentsandtherise of badexpres-
sionsin thepublic pressandbehaiors areaswell- although
not as often as we seethe good going down. Our use of
the terminology®low, moderatehigh®, etcis usedto indi-
catetherelative quantizatiorevel of thefactoratthevarious
time steps.Thisinformationis in asenseedundanbecause
we usenumericindicationsof quantizatiorlevel (0, 1, 2,),
but weincludedthequalitative indicatorsbecausé maynot
alwaysbe clearwhatthe numericlevelsrepresentueto the
varyingquantizatiorevelsacrossatterns.

Our ®rst example (which canbe seenbelav in Table 1)
is onethatlooks at the adwent of DomesticPolitical Crisis
(DPC) using a three-level quantization. It is basedon ad-
ventsof DPCin Malaysiain Jan,1999and Nepalin May,
1998. The generakontext is a moderatgbut not low) level
of militarizednon-stateactorsasa functionof thetotal num-
ber of non-stateactors(NSA) within the framework of an
autocraticcountry As we mentionedabove (andthis DPC
resultis a classicexampleof this) whatwe areseeings the
riseof badexpressionsndbehaior ascapturedn ourcount
or bad®wordsandactions®anda declinein a similar mea-
surefor good°wordsandactions?

Turning our attentionto other patternswe found for in-
sulgencies(Tables2 thru 4) we offer examplesthat are at
differentquantizationlevels and basedon differentcombi-
nationsof caseghattell relatedbut different storiesabout
whenviolenceis likely to breakout. In the Table2 pattern
we seeaclearexampleof thefall of good®words°combined
with problematiccontets (like high instability combined
with very low militarization) canlead to wide scaleorga-
nizedviolence. Using a differentquantizationbut building
on the samecountrieswe seea differenttwist to the story.
Protestdall from highto moderate This maybeanindica-
tion of aswitchof stratgyieson the partof oppositionforces
astherepositiontheirresource$o moreviolentmeansNote
thatthisstill in thecontet of low or dropping(dependingn
how measuredgountsof generalgood®wordsandactions’
Thepatternin Table3 usesonedifferentcountryandseveral
differentvariablegells a similar storyaboutfalling goodac-
tion andstatementsvhile the patternin Table4 again iden-
ti®es a fall in protestasa cleardangersign given the right

contetual variables.
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Tablel: DPCfor Malaysiain Jan,1999andNepalin May, 1998QuantizatiorLevel 3

Factor Quantization | DPConsett-3 | DPConsett-2 | DPConsett-1
Method
Tensionbad/count | Linear O-low 1-moderate 1-moderate
Tensiongood/count| Linear 2-high 2-high 1-moderate
Polity 2 Linear O-low 0-low 0-low
Militarized_nsa/nsa| Linear 1-moderate 1-moderate 1-moderate

Table2: Insuigeng for Indonesialan.,2001,MalaysiaAugust2001Quantization_evel 3

Factor Quantization | Insugeng onsett-3 | Insuigeny onsett-2 | Insulgeny onsett-1
Method

Tensiongood Log 2-high 1-moderate 1-moderate

Publicstatements | Log 2-high 1-moderate 1-moderate
Tensiongoods/count| Linear O-low O-low O-low
Political globalization | Linear 2-high 2-high 2-high
Good/Tokens Linear O-low O-low O-low
milpertpop Linear O-low O-low O-low
Log Polcon Log 2-high 2-high 2-high
Instabl Linear 2-high 2-high 2-high

Table3: Insuigeng for Indonesialan.,2001,MalaysiaAugust2001Quantizatior_evel 5

Factor Quantization | Insugeny onsett-3 | Insuigeny onsett-2 | Insulgeny onsett-1
Method
Protest Log 3-high 2-moderate 2-moderate
Anti-marketregulatoryquality | Log 4-very high 4-very high 3-high
Tensiongoods/count Linear 1-low 1-low 1-low
Log investicate Log 2-moderate 2-moderate 2-moderate

Table4: Insuigeng for IndonesiaMay., 2003, ThailandJan.,2004QuantizatiorLevel 3

Factor Quantization | Insugeny onsett-3 | Insuigeny onsett-2 | Insulgeny onsett-1
Method
Tensiongood Log 2-high 1-moderate 1-moderate
Public Statements Linear 2-high 1-moderate 1-moderate
Diplomaticcooperation Linear 2-high 1-moderate 1-moderate
Political Constraints Linear 1-moderate 1-moderate 1-moderate
Percenbf neighborsdemocratic| Linear O-low O-low O-low
Religiousfractionalization Linear O-low O-low O-low
Political Rights Linear 1-moderate 1-moderate 1-moderate

Table5: Insuigeng for LaosFeh, 2003, ThailandJan.,2004QuantizatiorLevel 3

Factor Quantization | Insugeny onsett-3 | Insuigeny onsett-2 | Insulgeny onsett-1
Method
ProtesBehaviors Log 1-moderate 1-moderate O-low
Distrust/bad Log 2-high 1-moderate 1-moderate
bad/tolens Linear O-low O-low O-low
Linguistic Fractionalization| Linear 2-high 2-high 2-high
Physicallntegrity Rights | Linear 1-moderate 1-moderate 1-moderate




