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Abstract

Critical to reliablepredictionandcausalinferenceis understandingstructuralrelationshipsin

the socialandpolitical systemsunderstudy. Graphicalmodelsarenaturallysuitedfor con-

ceptualizingandrepresentingrelationships.This paperintroducesandsynthesizesa largeand

disparateliteratureon differenttypesof graphicalmodels,with particularattentionon recent

developmentsin theoriesof causalgraphsandmodelsof randomgraphsfor relationaldata,and

discussestheadaptation,application,andextensionof thesegraphicalmethodsandmodelsin

political dataanalysisin general,andin the modelingof structuralpropertiesof international

relationsdatain particular. Graphicalmodelscanimprove predictionandcausalinferencein

thesedataby facilitatingsystematicexaminationandmodelingof characteristicsof theinterna-

tionalnetwork,by guidingtheidentificationof thecausalstructurein thesystem,andby adding

flexibility in functionalform approximation.Initial resultsfrom analyzingthe1947-1989MID

dataprovide strongevidencethat propertiesof the systemas a whole and that of individu-

al states/dyadsembeddedin thesystemhold importantexplanatoryandpredictive power, and

clearlyrevealtheinterdependenceamongdyadssharingacommonmember.
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1 Introduction

Graphicalmodelsare excellent tools for conceptualizingand representingrelationships,suchas

relationshipsamongthe individual actors(persons,organizations,states,etc.) understudy, or re-

lationshipsamongthevariablesin a model. Understandingthefirst typeof relationshipis critical

particularlyin thestudyof relationaldata,suchasdataon internationalconflict,andunderstanding

the secondtype is at the coreof causalinferenceaiming at clarifying the structuralrelationships

amongvariousquantitiesof interestin thesystemunderstudy. Graphsalsofacilitaterepresentation

and interpretationof flexible statisticalmodelssuchasneuralnetworks that accommodatecom-

plex functional relationshipsin social sciencedata. Recentdevelopmentsin randomgraphsand

relatedestimationstrategieshave provided promisingnew tools for improving statisticalanalysis

of relationaldata,andrecentadvancesin causalgraphtheorieshave offereda formal languagefor

communicatingandprocessingcausalinformationin statisticalanalysisthatgreatlyfacilitatesthe

identificationof causalstructuresandthe assessmentof causaleffects. Relationaldataaboundin

political science,especiallyin theareaof internationalrelations,andcausalinferencehasalways

beenacentralgoalof empiricalpolitical analysis.Thesenew tools,still unexploredandlargely un-

known in political science,thereforehold greatpromisefor theimprovementof empiricalanalysis

in thefield.

The literatureon different typesof graphicalmethodsand modelsis large anddiverse,with

differentbranchesrelatively disconnected.This paperprovidesa synthesisanda technicallyac-

cessibleintroductionto the literature,anddiscussesthe adaptation,application,andextensionof

thesegraphicalmethodsandmodelsin political dataanalysisin general,and in the modelingof

structuralpropertiesof internationalrelationsdatain particular. In studyinginternationalconflict,

for example,theinternationalnetwork canbemodeledasarandomgraph.Structuralcharacteristics

andtendenciesof thenetwork, whichpotentiallyhold importantadditionalexplanatoryandpredic-

tive power beyond theusualindividual/dyadlevel attribute variables,may thenbe representedby

relevant graphtheoreticmeasuresandincludedin thestatisticalanalysis.Theoreticallyimportant

questionssuchaswhetherthereis dependenceamongdyadssharingacommonmembercanthenbe

answeredthroughformalstatisticaltests.Systematicmeasurementof thecharacteristicsanddepen-

2



dencestructureof thenetwork have largely eludedpreviousresearch.Initial empiricalresultsfrom

analyzingthe1947-1989militarizedinternationaldispute(MID) dataclearlydemonstratetheutility

of graphicalmethodsandmodels,andoffer findingsof profoundsubstantive significance.In causal

inference,correctspecificationof bothstructuralequationmodelsandsingleequationmodels,some

versionof which is employed in virtually all empiricalstudiesof political science,is aidedby the

causalgraph,without which conditionsensuringunbiasedestimationof causaleffectsarevirtually

impossibleto checkandmustremainassumptions.

In what follows, Section2 introducessomebasicgraphtheory terminologiesand discusses

several typesof importantgraphicalmodels,in particularsocialnetworks andrandomgraphsfor

relationaldata,andcausalgraphsfor representingcausalstructures;Section3 discussesgraphsand

randomgraphsfor relationaldatain somedetail,proposingtheadaptationandextensionof relevant

conceptsandtechniquesto thestudyof internationalrelationsdata,andreportinitial resultsfrom

applicationto theanalysisof theMID data;Section4 distills somekey aspectsof causalgraphtheo-

ry thathave immediateandprofoundimplicationsfor causalinferencewith non-experimentaldata,

showing how they maychangethewaystudiesaredesignedanddatacollectedusingtheexampleof

internationalconflictdata;Section5 discussesmethodologicalextensionsthataccommodatespecial

featuresof political datasuchasfunctionalcomplexity andrarenessof eventsin conflict data,and

givessomepreliminaryresults;Section6 concludes.

2 Graphs and Graphical Models

2.1 Graphs

I begin by introducingsomebasicgraphicalterminologiesandnotationsrelevant to modelingrela-

tional data,causalstructure,andfunctionalmapping.Excellentintroductionto graphtheorycanbe

found in, for example,Scheinerman(2000). A graph
�

is a pair
�������
	���


where
�

is a finite

setof verticesor nodes, and
�

is a setof edges, or � -elementsubsetsof
�

, representinga relation

on
�

. If therelationis symmetric,suchasgeographiccontiguityor involvementin dyadicconflict,

then ��� 	�������� implies � ��	 � ����� , andtheedge� � is undirected.If therelationis asymmetric,
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Figure1: A graph(left) anda digraph(right)

suchasinitiation of conflictor causation,then ��� 	������"� doesnot imply � ��	 � ���"� , andtheedge

� � is directed.When � � is anedgeof
�

, we say � and
�

areadjacent, andwrite �$# � if theedge

is undirected,or �&% �
if it is directed.If all edgesof

�
aredirected,

�
is calleda directedgraph

or a digraph. Figure1 depictsa graphanda digraph.' The World Wide Web, for example,can

beviewedasa (di)graph,with files asverticesandlinks amongfiles asdirectededges.Obviously,

plotting a graphis feasibleor usefulonly whenthe nodeset is small. A matrix representationis

generallymoreconvenient. A graph
�(�)���
	���


canbe representedby a squarematrix * , such

that for + ��� and , ��� , *.-0/ �21
if
� + 	 , 
3�4� , and *.-0/ �65 otherwise.That is, the +7, th element

of * is
1

if thereis a link from node+ to , . A graphcanalsohave valuededges,in whichcase*.-0/
will take thevalueof theedgeinsteadof simply indicatingpresenceor absenceof it. For a binary

relation, * is alsocalledtheadjacencymatrixof
�

.

When ��# � , � and
�

areneighbors of eachother. When ��% �
, � is a parentof

�
and

�
is a

child of � . Otherterminologiesof kinship,suchasancestors anddescendants, is similarly used.A

nodein a digraphis a root if it hasno parent.Thesetof all neighborsof a vertex � is denotedby8:9 � � 
 , thesetof all its parentsby ;=< � � 
 andthesetof all its childrenby >@? � � 
 . For a subsetA of�
, ;=< � A 
 denotesthecollectionof parentsof all elementsin A excluding A itself, and >B? � A 
 and8:9 � A 
 aresimilarly defined.

A graphis completeif all pairsof nodesareadjacent.A subgraphof
�

inducedby a subsetof

nodesADC � has A asthenodesetandthesubsetof edgesin
�

linking pairsof nodesin A asthe

edgeset.A cliqueof
�

is a completesubgraph.A path is a sequenceof edgessuchthateachedge

startswith thenodeendingtheprecedingedge.A pair of nodesareconnectedif thereexistsa pathE
I shallrefereitherasa “graph” wherethereis noconfusion.
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betweenthem. A pathis directedif it tracesout a setof directededgesalongthedirectionof the

arrows. A cycleis a paththatstartsandendson thesamenode.A directedgraphthatcontainsno

directedcyclesis a directedacyclic graph,or aDAG, suchasthedigraphin Figure1.

2.2 Graphical Models

In thegeneraldefinitionof a “graph,” “node” and“relation” arecompletelyabstractconcepts.Var-

iousspecificgraphicalmodelsarisefrom combinationsof particulartypesof nodesandrelations.

Threeclassesof modelsareconsideredin this paper.

Whenthe nodesof
�

denotesocialactorsandthe edgesof
�

denotesocialrelations,
�

rep-

resentsa socialnetwork, to which a vastliteratureis devoted,with mostapplicationsin sociology

andpsychology(WassermanandFaust1994;WassermanandGalaskiewicz 1994.) Traditionally,

the literaturehasfocusedlargely on descriptive measuresof graphicalpropertiessuchascentrali-

ty, density, cohesivenessetc. Recentdevelopmenthasfocusedon thestatisticalanalysisof random

graphsin whichthepresenceor absenceof edgesis assumedto beprobabilistic.Muchof this litera-

turecanshedlight onrelationaldataanalysisin political science.For example,internationalconflict

is a “relation” on thenetwork of nation-states.In section3 (andsection5.1) I shalldiscusstheap-

plicationandextensionof someof theimportantideasfrom thesocialnetwork literature,especially

the recentliteratureon randomgraphs,to theanalysisof internationalrelationsdata. Theseideas

will allow usto identify andmeasurenew explanatoryvariablesthatrepresentsystem-level charac-

teristicsandtendencies,will enableus to refinemeasurementof someexisting variablesthathave

beenprovenimportant,andwill make thesystematicmodelingof dependencestructurespossible.

Whenthenodesof
�

denotevariablesin themodelof somesystemunderstudy, andtheedges

denotecausalrelationsamongthe variables,
�

is a causalgraph (Pearl2000). The causalgraph

depictsthe causalstructureof the systemunderstudy, knowledgeof which is critical to reliable

causalinference.Model specificationin mostempiricalwork implicitly assumesknowledgeof the

pertinentpartof this structure,but theassumptionsarerarely madeclearandjustified. Indeed,in

mostsituationsthecausalgraphis really unknown. Onewidespreadsymptomof causalinference

without adequateknowledgeof the underlyingcausalstructureis theseemingarbitrarinessin the
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selectionof “control variables”or “covariates”in a regressionmodel. In the large empiricalliter-

aturestudyingthe causaleffect of democracy on internationalconflict, for example,it is difficult

to find any two papersthat usean identicalsetof control variables.In section4, I discussrecent

developmentsin causalgraphtheorypertinentto the discovery of the underlyingcausalstructure

andto thecorrectspecificationof controlvariables.Thesenew techniquesshouldgreatlyimprove

the quality of causalinference. I alsoshow, in light of the causalgraph,how a modelaimedat

causalinferencecanbefundamentallydifferentfrom oneaimedat forecasting/prediction, adistinc-

tion notmadein thepolitical scienceempiricalliteratureandasourceof deepconfusionandmodel

specificationerror.

Whenthe nodesof
�

denotethe variables,observed or latent, in a statisticalmodel,andthe

edgesdenoteinput-outputrelations,
�

canrepresentcomplex functionalmappings,suchasin neural

networks. Neuralnetworksarecapableof approximatingarbitraryfunctionalforms,andareuseful

tools for theanalysisof socialsciencedatafor which theunderlyingdatageneratingfunctionsare

usuallyunknown andarelikely complex (Zeng1999,2000a;Beck, King, andZeng2000,2004;

King andZeng2001a.)In section5, I give suggestionson theuseof neuralnetworksin improving

statisticalmodelingof randomgraphsof relationaldata,andin improving causalinferencewith the

increasinglypopularnon-parametricapproachof propensityscorematching.

3 Modeling Structural Properties in International Relations Data

Structuralandsystem-level analysisis critical to thestudyof internationalrelations,especiallyin a

globalage(Waltz1979,James2002,Russett2003aand2003b).Thereis little theoreticaldoubtthat

structuralpropertiesof theinternationalsystemcanholdimportantexplanatoryandpredictivepower

for thebehavior of individualnationstatesandstatedyads.Testingthetheorieswith empiricaldata,

however, hasbeenimpededby difficulties in operationalizing,measuring,andmodelingstructural

and system-level characteristicsin a rigorousand systematicfashion. Quantitative measuresof

“systemstructure”are few and vary greatly from one study to anotherin conceptualizationand

construction,andcapturingendogenousdependencestructuressystematicallyin statisticalmodels

haslargely eludedpreviousresearchers.
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Graphicalmethodsandmodelscanhelp improve this situationin two ways: by providing un-

ambiguous,precisedefinitionsof an arrayof structuralcharacteristicsof the systemthat areeasy

to measure,andby allowing systematicmodelingof endogenousdependencestructuresin random

graphsrepresentingstatisticalrelationaldata.I discussthesepossibilitiesin thecontext of studying

internationalandcivil conflict,andreportinitial resultsfrom analyzingthe1947-1989MID data.

3.1 Measuring Structural Characteristics

Let the FHGIF squarematrix * denoteagraphof theinternationalnetwork, whereF is thenumber

of statesin the network, and *.-0/ �J1
if thereis a given relation,or a tie, from country + to , ,5

otherwise. Obviously, * -K/ � * /L- if the relation in questionis symmetric. When more than

onerelation is considered,we have a multi-graph, and * may denotea threedimensionalarray

* �DM *.-0/�NPO suchthat *.-0/�N �Q1 if thereis a type R relationfrom country + to , , whereR �"S
, the

setof relations.T Graphcharacteristicsarefunctionsof elementsof * .

Amongotherthings,graphtheoryprovidesideasonmeasuringsuchcharacteristicsascentrality,

theprestigeandprominenceof actors,andthedensityandcentralizationtendenciesof thegraphas

awhole;ondefiningcohesive subgroups;andon measuringtheequivalenceof actorsandgrouping

theminto blocksoccupying different rolesandstructuralpositionsin the network. Someof the

measures,suchas individual centrality, areactor-level measures,but they measurepropertiesof

actorsnot asindependentunits but embeddedin the internationalnetwork. In this sensethey are

“structural”measures.Most actor-level variablesusedin conflict studies,suchaslevelsandgrowth

ratesof nationaldemographicandeconomicdata,characteristicsof political systems,andmilitary

capabilities,do not have this feature. Perhapsthis is partly the reasonwhy thesevariableshave

not proved very useful in explaining conflict (Russett2003a).U It is likely that what mattersis

the relative positionof a statein the internationalsystem,ratherthanattributesof the stateasan

independententity.V
Wherethereis noconfusion,I omit thesubscriptW for notationalsimplicity.X
Oneexceptionis “major power” status.But this is hardlya truly “explanatory”variable.It simply statesthata few

namedstatesaredifferentfrom therest.
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3.1.1 Structural Characteristics

Degree and actor centrality: In a undirectedgraph,thedegreeof a node + is thenumberof nodes

adjacentto it: Y / *.-K/ � Y / *Z/�- . In a digraph,the in-degreeandout-degreeof a node + arethe

numbersof nodesadjacentto andfrom it respectively: Y / *Z/L- and Y / *.-0/ . For avaluedgraph,the

degreeis theaveragevalueof theedgesincidentto thenode.Degreesalsoprovide a basisfor one

typeof centrality measure,Y / *.-0/\[]F . An actorwith moretieswith otheractorsis moreactiveand

morevisible.̂

If therelationis conflict involvement,a countrywith a high degree/centralityis moreconflict-

prone. If the relationis conflict initiation, thenout-degree/centralityreflectstendenciesof aggres-

sion and risk taking behavior. A potentially useful indicator for conflict predictionthen can be

constructedas the averageof an actor’s centrality scores,for exampleaveragedover a specified

numberof years.

Appropriatecentralityscoresfrom suchinternationalnetworksastradeflows,culturalexchange,

diplomaticrelations,military interventions,andconjointtreatyandinternationalorganizationmem-

bershipscanbe used,togetherwith the usualnon-network embeddedcountry level data,in con-

structingmeasuresof national“power,” a centralconceptin internationalrelationsthathaseluded

easymeasurement.Becausepower is a relative concept,a power index constructedusinginforma-

tion on therelative importanceof acountryin theinternationalsystemis moremeaningfulthanthe

usualmeasures.

In a similar fashion,centralityscorescanalsobeusedto refinethemeasurementof othervari-

ablessuchas“tradeopenness”or “openeconomy,” akey variableusedin thestudyof statefailures

(e.g.,King andZeng2001a).Thestandardmeasureof tradeopennessis thecountry’s total tradeasa

percentageof its GDP. Thustwo countriescouldhavethesameopennessscoreeventhoughonemay

have only onetradingpartner, andtheotheronehundred.The refinedscoreswould meaningfully

differ in suchcases.

Degree/centralitymeasuresarealsousefulin handlingspatialdependence.Having statesexpe-_
Centralitymeasurecanalsobeconstructedbasedonotherconceptssuchascloseness,betweenness,andinformation

flow (WassermanandFaust1994,Bonacich1987).
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riencingconflictsasneighborsmayincreasethelikelihoodof conflict involvementdueto spill-over

effects,andhaving democraticstatesasneighborsseemsto helppreventwars(Russett2003b;Gled-

itschandWard2000,2001).In their effort to modelthis effect,WardandGleditsch(N.D.) usetwo

new variables,theaveragelevel of democracy in proximatecountriesandthenumberof neighboring

countriesexperiencingconflict. Both arein factdegreemeasuresin two graphsof theinternational

system:oneis a digraphwith the relation“neighboringa statein conflict,” the othera valueddi-

graphof geographicproximity, thevalueof the link beingthedemocracy level of theneighboring

state.Thinking in termsof thegraphsimmediatelysuggestsotherpotentiallyusefulmeasuressuch

ascloseness-basedcentralityscores.

Density and centralization: Thedensityof a graphis theratio of thenumberof edgespresentto

thetotalnumberof edgespossible:Y -a` / *.-0/b[]F � FQc 1b
 . For conflictdatait is ameasureof rareness

of events.Thecentralizationof agraphmeasurestheextentto whichthesystemis centralized.One

measureof centralizationis simply thevarianceof theactor-level degreesor centralityscores.This

recordsthe variability andspreadof actor-level centralityscores.In a highly centralizedsystem,

someactorsaremuchmorecentralandimportantthanotherswhomaybeviewedasresidingin the

peripheryof thesystem.Many othermeasuresof graphcentralizationarepossible(Wassermanand

Faust,Chapter5.)

System-level characteristicsplayanimportantrole in explainingandforecastingconflictbehav-

ior (Buenode Mesquita1975). The mostwidely usedmeasureof “structure” of the international

systemin existingstudiessimply indicateswhetherthesystemis “bipolar” or “multi-polar,” thatis,

whethertherearetwo or more“greatpowers,” astatusdesignatedto certaincountriesor clustersof

countries.Oneproblemof thismeasureis thatit is grossandinsensitive to finerfeaturesof theinter-

nationalsystem.Most internationalsystemsin themodernerahave beenmulti-polar, with thecold

war erabeingbipolar. Thereis alsolack of theoreticalconsensuson theoperationalizationof “po-

larity” (Russett2003a).Making useof centralizationscoresfrom pertinentinternationalnetworks

(suchasthoseconsideredin constructingmeasuresof “power”) cangreatlyenrichthemeasurement

of thecentralizationstructureof the internationalsystem.Anotheradvantageof thesemeasuresis

that they arealsodefinedfor any subgraph,so we could for exampleconstructregional measures
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of densityandcentralizationto testthepresenceof any regionaleffect. With cross-sectionaltime

seriesdatacommonlyusedin conflict studies,we canconstructmeasuresthatvary over bothtime

andsubgroupsof states,however defined.

In a similar fashion,densitymeasureson networks or subnetworks of suchrelationsastrade,

co-membershipin internationalorganizations,andneighboringademocraticstatecanprovideinfor-

mative measures,at thesystemlevel, of economicinterdependence,growth of internationalnorms

andinstitutions,anddegreeof democratization.Currentmeasuresof thesethreekey suppressorsof

violencearelargely restrictedto thedyadiclevel (RussettandOneal2001,Russett2003b).

Cohesive subgroups: Cohesive subgroupscanbedefinedbasedon mutualityof ties,closenessof

subgroupmembers,frequency of tiesamongmembers,or thefrequency of within-grouptiesrelative

to between-groupties(WassermanandFaust1994,Chapter7). For example,cliquesarecohesive

subgroupsin the senseof having completemutuality of ties amonggroup members. Different

definitionscapturedifferentspecificpropertiesof cohesive subgroups.I usea definitionbasedon

nodaldegrees,or frequency of tiesamongmembers,to fix ideas.Specifically, cohesive subgroups

aredefinedas d -coresof thegraph.A d -coreis asubgraphin whicheachnodeis adjacentto at least

d othernodesin thesubgraph.Theappropriatevalueof d dependson thesubstantive context.

Cohesivesubgroupsin thenetwork of treatyco-membership,for example,havedirectrelevance

to thestudyof coalitionformationandallianceconfigurationin theinternationalsystem.Thesub-

stantive meaningof cohesive subgroupsin other pertinentnetworks suchas trading is similarly

clear. Identificationof cohesive subgroupsis usefulin severalways. It candistinguishactorswho

belongto thesamecohesive subset,andthosewho do not. Nationsin thesamecoalitionareless

likely to fight with eachother. It allows further comparisonof frequency of ties amongdifferent

subgroupsto seewhich subgroupsaremorelikely to seetheir membersinteract. It allows com-

parisonof attributesof statesin differentcohesive subgroupsto seehow the groupsdiffer. And

finally, it canfosterstructuralknowledgeof thewholenetwork: if thecohesive groupsarelargely

overlappingandcontainmostof theactors,thenetwork is morecohesive, otherwisethenetwork is

morefragmented.

Roles and subgroup positions: Anotherapproachto groupingactorsin a network is accordingto
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therolesthey play andpositionsthey occupy in thenetwork. Actorsin differentpositionshave dif-

ferentpatternsof tieswith otheractors.Thosein thesamepositionsare“equivalent” in somesense.

Onedefinitionof “equivalence”is structural equivalence. Two actors+ and, arestructurallyequiv-

alentif they have identicaltiesto andfrom all otheractorson all relationsunderconsideration,that

is, * -fe]g � * /Le]g and * e]-hg � * e�/�g for any d in thenodesetandany i in therelationset.In practice

it is unlikely to observe exactly equivalentactors,but we canseekto measurethedegreeto which

they approachequivalenceby comparingthesimilarity of theentriesin * for the two actors.The

comparisonis usuallybasedon measuresof eithercorrelationor distance.Oncepairwisesimilarity

measuresareobtained,they canbeusedto partitiontheactorsinto groups/positionsandto construct

spatialrepresentationsof their structuralequivalence,usingstandarddataanalysistechniquessuch

ashierarchicalclusteringandmultidimensionalscaling. Oncepositionsareidentified,patternsof

within andbetweengrouptiescanbe examined.A densitytable for examplecanbe constructed,

which haspositionsasits rows andcolumns,with valuesin the tablerecordingtheproportionsof

ties that arepresentfrom actorsin the row positionto actorsin thecolumnposition(e.g.,Snyder

andKick 1979).

In an influentialpaperstudyingthestructuralpropertiesof the internationalsystem,Buenode

Mesquita(1975)proposesa correlationtype measure,j@k , of allianceportfolio similarity anduses

the measureto groupstatesinto “poles.” He then teststhe impactof suchfactorsasnumberof

poles,tightnessof poles,andpowerdistribution amongpolesonamountof war. “ j@k ” hassincebeen

widely usedin the internationalrelationsliterature. RecentlySignorinoandRitter (1999)discuss

the problemsof this measureand proposean alternative measure“ l ” basedon distances. It is

easyto seethat j@k and l arein factmeasuresof structuralequivalencein thegraphof thealliance

network. Castingtheminto this standardframework immediatelymakesavailablea wholearrayof

otherrelevantconceptsandtechniquesdevelopedwhich mayprove productive for thestudyof the

internationalsystem.For example,alternativemeasurescouldbeconstructedusingotherdefinitions

of “equivalence,” suchasregularequivalenceandlocal role equivalence(seeWassermanandFaust

1994,Chapter12 for anoverview). Patternsof interactionsamongthepolescanbestudiedusing

thedensitytable,andavariablereflectingblockeffectscanbeconstructedusingthedensities.This
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variablemayhave significantexplanatory/predictive power in theanalysisof dyadicconflict data.

3.2 Modeling Endogenous Dependence Structure

Ideasdiscussedabove leadto theidentificationandmeasurementof potentiallyimportantexplana-

tory variablesreflectingstructuralpropertiesof theinternationalsystem.I now turnto thestatistical

modelingof endogenousdependencestructuresin observedrelationaldata.Interdependenceamong

actorsandactionsin internationalrelationsis widely recognized(e.g.,BeckandTucker1996,Beck

et al. 1998,Signorino1999,Beck andKatz 2001,Greenet al. 2001,GleditschandWard 2000,

King 2001,OnealandRussett2001,Russett2003aand2003b,WardandGleditschn.d.)Therecent

symposiumin InternationalOrganization(2001,55(2)) is largely centeredon this issue.As King

(2001)explains,for theprominentcaseof dyadicconflictdata:

“Unlik e, say, simplerandomsurvey sampling,dyadicobservationsin international

conflict datahave complex dependencestructure. In asurvey, observations1 and2 are

two peoplewho almostsurelyhave never metandhave no relationship.In contrast,in

dyadicdata,observation1 maybeU.S.-Iraq;observation2, U.S.-Iran;andobservation

3, Iraq-Iran.thedependenceamongtheseseparateobservationsis complicated,central

to our theoriesabouttheinternationalsystem,critical for ourmethodologicalanalysis,

andignoredby mostpreviousresearchers.” (p.498)

In concludingthe paper, he pointsout that “an approachthat extractsthe most informationwill

likely be onethat directly modelsthe uniquestructureof dyadicdata. Unfortunately, no off-the-

shelfmodelis availablefor thesedata.” (p.506)

Fortunately, recentdevelopmentsin modelsfor randomgraphsprovideusefultoolsfor modeling

suchcomplex dependencestructurein relationaldata(FrankandStrauss1986,StraussandIkeda

1990, Wassermanand Pattison1996, Andersonet al. 1999, Wassermanand Pattison2000.) A

randomgraphis a graphwith randomedges,so that eachelementin * is a randomvariable.m
Observeddyadicconflictdatacanbeviewedasrealizationsof theunderlyingrandomgraph.Denoten

Therandomnessof a graphcanalsoextendsto thenodeset,but I do not considerthis caseasit is largely irrelevant

for internationalrelationsdata.
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by o �2M o�-0/]O a realizationof thegraph * . Dependencesamongelementsof * meanthat pqi � * �
o 
sr�ut -wvx / pqi � *.-0/ � oy-0/ 
 . However, this conditionis rarely recognizedin empiricalmodelsof

internationalconflict. Themostwidely usedstandardlogit model,for example,implicitly assumes

independence,i.e., pzi � * � o 
{�|t -wvx / pqi � *.-K/ � o�-0/ 
 .
Sowe needinsteada generalexpressionfor pqi � * � o 
 thatallows any dependencestructure

amongtheelementsof * , i.e., thedyads.} A classof randomgraphmodels,known as“p*” models

in thesocialnetworksliterature,postulatesagenerallog-linearmodel:

pqi � * � o 

��~B��� �����h��� o 
�
> ����
 (1)

where
�y� o 
 is avectorof network statisticsthatarefunctionsof elementsof o ,

�
thevectorof model

parameters,and > ����
 a normalizationconstantthatensuresthat theprobabilitydistribution sumsto

1.� Note that
��� o 
 cancontainany network characteristicsandhencethe modelallows general

patternsof interdependenceamongelementsof * , or thedyads.

Thechoiceof
��� o 
 is guidedby substantive theoryaboutthestructureof the interdependence

amongdyads,and is greatly facilitatedby the useof the dependencegraph, � , that depictsthis

dependencestructure,andtheHammersley-Clifford theorem(Besage1974;FrankandStrauss1986)

that identifiesthe sufficient network statisticsbasedon the dependencegraph. In the dependence

graph,all possibledyadsconstitutethe nodeset,andthereis a tie betweentwo dyadsif they are

conditionallydependentgiven the remainingdyads.Differentpatternsof interdependenceamong

thedyadsleadto differentconnectionpatternsin the dependencegraph. For example,if all pairs

of dyadsareconditionally independent,the dependencegraphwould be emptyandhave no ties.

If the relationis directed(suchasconflict initiation), dyadicindependencewould meanthat only

dyadssharingthesametwo membersareconditionallydependent.Themostcommonlyassumed

dependencestructureis Markov dependence, in which dyadssharingat leastone member(i.e.,

“incidentedges”in theoriginal graph)areconditionallydependent.So,for example,U.S.-Iraqand�
I considera singlebinary relationhere. Extensionsto multiple relationsandvaluedrelationsarestraightforward

(e.g.,Robins,et al. 1999;PattisonandWasserman1999).�
As writtenmodel(1) doesnot involvevariablesexogenousto thenetwork, suchasdyadattributesandstatisticsfrom

networksof otherrelations,but thesecanbeusedalongwith �\�f��� . I omit themfor notationalsimplicity.
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U.S.-Iranwouldbeconditionallydependent,aswouldbeU.S.-IraqandIraq-Iran,andU.S.-Iranand

Iraq-Iran.

TheHammersley-Clifford theoremstatesthat cliques(singlenodesor completesubgraphs)of

thedependencegrapharethesufficientsubgraphsfor therepresentationof pzi � * � o 
 , sothat
��� o 


only needsto containindicatorsof thesecliques.For example,whenthereis dyadicindependence

in anundirectedgraphandhencethedependencegraphis empty, thecliquesof � arejust its single

nodes,whicharesingledyadsin theoriginalgraph
�

. For Markov dependence,it is easyto seethat

thecliquesof � arejust the trianglesandk-stars, d �D1�	 � 	@�@�@��	 F�c 1 , of
�

. A triangle � -K/�e is the

setof thethreeedges
� +7, 	 ,�d 	 d�+ 
 . For example,U.S.-Iraq,Iraq-Iran,andIran-U.S.form a triangle.

A d -star l�-h��- E��K�K� -f� is thesetof d edges
� +w�B+ ' 	 +w�B+ T 	@�@�@�b	 +w�B+ e 
 . For example,U.S.-Iraqis a

1
-star, and

U.S.-IraqandU.S.-Iranform a � -star. Assuminghomogeneityin thesensethat isomorphicgraphs

have the sameprobability, � the theoremtells us that the pertinentnetwork statisticsin a dyadic

independentnetwork arejust the numberof dyads(so
��� o 
 hasonly oneelement). In a Markov

dependencenetwork, they arejust the numberof trianglesand d -stars,  so
��� o 
 has F elements.

No tetradsor othermorecomplicatedsubgraphsareneeded.For theinternationalconflict network

high order starsare unlikely and many of the F¡c 1 termson the starswill be irrelevant. For

example,a simplemodelcapturingboth transitivity andclusteringcanincludejust thenumberof

trianglesandthenumberof
1
-starsand � -stars.This not only greatlysimplifiesthemodelbut also

eliminatestheproblemof numberof parametersincreasingwith data,which leadsto inconsistency

of estimatedparameters.

Having identified the elementsin
��� o 
 , I now turn to the estimationof model (1). Standard

likelihoodtechniquesaredifficult to applydueto thepresenceof thenormalizationterm.However,

pseudo-likelihoodapproachesbasedonconditionalprobabilitiesareeasyto implement(Straussand¢
This meansthat nodesof £ area priori indistinguishableso that only the structureof £ , andnot the labelingof

its nodes,mattersto ¤¦¥b�§£¨� . In the studyof internationalconflict, this assumesthat after taking into considerationof

dependencestructuresandall otherrelevantactor, dyadandglobal level variables,countrynamespersedo not contain

informationabouttheprobabilityof conflict.©
It is intuitively appealingto replace,throughre-parameterizationandwithout lossof information, the numberofª

-starswith thenumberof nodesin £ thatareof degree
ª

(FrankandStrauss1986,p.836.)
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Ikeda(1990).' � Denote*4«-0/ thegraphwith theedge+7, forcedto bepresent,*­¬-0/ thegraphwith the

edge+7, forcedto beabsent,and *&®-0/ thegraphwith theedge+7, “missing”. Wehave:

pqi � * -0/ �D1�¯ * ®-K/ 
°� pzi � *4«-0/ 
pqi � *&«-K/ 
²± pqi � *�¬-0/ 

� ~B�³� �����h��� o�«-K/ 
�
~B��� ��� � ��� o «-K/ 
�
²± ~B�³� ��� � ��� o ¬-0/ 
�
� 11{± ~B��� � c � � ����� o=«-0/ 
 c ��� o²¬-0/ 
�
�
 (2)

pqi � *.-K/ �Q1�¯ * ®-0/ 
J� pqi � *&«-0/ 
pqi � * «-0/ 
²± pqi � * ¬-K/ 

� ~B�³� �����´�y� o=«-0/ 
�
~B�³� ��� � ��� o «-0/ 
�
:± ~B��� ��� � �y� o ¬-0/ 
�
� 11{± ~B�³� � c � � ����� o�«-K/ 
 c ��� o:¬-0/ 
�
�
 (3)

Expression(3) is identical to a logit modelprobability with
��� o «-0/ 
 c ��� o ¬-0/ 
.��µ�� o�-0/ 
 asthe

explanatoryvariables.
µ�� o�-0/ 
 is constructedasthe differencein network statisticswhenthe edge

+7, changesfrom absentto present(for example,the differencein the numberof triangleswhen

dyad +7, changesfrom peacefulrelation to conflict involvement.) StraussandIkeda(1990)show

thatestimatingsucha logit modelfor (asif) independentoy-K/ ’s throughmaximumlikelihoodgives

identicalparametersto maximizingthepseudo-likelihoodfunction:

pz¶ ����
¨�Q·-wvx / pzi
� *.-0/ �Q1�¯ * ®-0/ 
¹¸�º » pqi � *.-0/ �¼5�¯ * ®-K/ 
L½ ' ¬ ¸�º »�¾ (4)

This resultmakes the modelextremelyeasyto estimateas logit routinesarewidely available in

statisticalpackages.We only needto addthenetwork statistics
µ�� oy-K/ 
 capturingstructuraldepen-

denceto theusuallist of explanatoryvariablesin existing logit models.Interpretationof estimation

resultsis intuitive. For example,a largepositive parameterof the � -starindicatorwould meanthat

a tie betweena dyadis morelikely to bepresent,if its presenceincreasesthenumberof � -starsin

thenetwork. In otherwords,network configurationswith � -starpatternsaremorelikely to occur.E �
This approachis similar in spirit to the useof conditionalprobabilitiesin the estimationof, for example,the Cox

proportionalhazardmodel, the fixed effect logit model,andauto-logisticmodels. In eachcaseintractabletermsare

eliminatedthroughtheconditioning.
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Thestatisticaltestof theparameteris usuallybasedon thecomparisonof thelikelihoodswith and

without theparameter(e.g.,WassermanandPattison1996).'�'
3.3 Empirical Results

In this section,I applysomeof theideadiscussedabove to theanalysisof militarizedinternational

dispute(MID) data,takingthelogit modelusedin Beck,King andZeng(2000)asthe“standardlog-

it” modelfor comparison.'wT Thedatacontain23,529interstatedyad-yearsbetween1947and1989,

with 976(4.1%)of thecasesbeingMIDs (coded1.) Theexplanatoryvariablesusedin BKZ (2000)

include“Contiguity” (whetherthetwo membersof thedyadaregeographicallycontiguous),“Ally”

(whetherthey areallies),“Similarity” (degreeof similarity in thedyad’s foreignpolicy portfolios),

“Asymmetry”(thedegreeof balanceof of powerwithin thedyad),“Dema” and“Demb” (thedegree

of democratizationof thedyad),and“PeaceYears”(thenumberof yearssincethe last conflict in

thedyad).The“standardlogit” modelin table 1 usesthissamesetof explanatoryvariables,except

that for the democracy variables,I usethe minimum of the two (“min-dem”) insteadof entering

both,apracticethatis commonin theliteratureandthat,in thelinearlogit model,makesbetteruse

of theinformationcontainedin thedemocracy variables.' U
I first testtheconjecturethatpropertiesof individualstates/dyadsembeddedin theinternational

network, in additionto attributesof themasindependententities,areimportantfactorsin explaining

andpredictingconflict behavior. In particular, I examinehow pastconflict tendenciesof thedyad

asmembersof theinternationalcommunityinfluencethecurrentconflictbehavior within thedyad.

I measureconflict tendency of a country in the pastby the degree of the country in the conflict

graphfor theinternationalnetwork, averagedover thepastyears.Thus,for adyadin year1980,for

example,the“past” is upto 1979,andthedegreemeasuresfor yearsupto 1979areaveragedto giveE¿E
I notethatstatisticalpropertiesfor themaximumpseudo-likelihoodestimatorsarelesswell studiedthanthestandard

maximumlikelihood estimators. Alternatively we can, at a much higher computationalcost, employ Markov Chain

MonteCarlomethodsto simulatethenetwork over thespaceof all possiblegraphs(e.g.,Handcock2000).E7V
In this initial analysisI employ the logit modelasthe first cut, assumingnearlylineareffectsof variables.Future

work canusemorerefinedmodelssuchasneuralnetworksthataccommodatecomplex functionalforms.E§X
BKZ (2000)’s focusis on neuralnetwork models,for which it is betterto usethe two original variablesandlet the

neuralnetwork to “discover” thetruefunctionalform.
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themeasureof conflict tendency in thepast.This measuretakesmissingvaluesfor observationsin

thefirst year, 1947,of thedataset,with a resultingvalid observationsof 23255cases.

The resultsof addingthe minimum of the two pastconflict tendency measuresfor the dyad

(“Min-Conf”) to the“standardlogit” modelarefoundin table 1, in thetwo columnsto theright of

“standardlogit” model.This“Min-Conf” variablehasapositivecoefficientthatishighlysignificant,

andits additionto themodelincreasesthelog-likelihoodatconvergencefrom -3178.65to -3066.48.

In-sampletest statisticscan be unreliable,however, sinceit could be a result of overfitting. To

confirm that the new measurereally addsto theexplanatoryandpredictive power of themodel,I

randomlysplit thedatainto two sets,onecontainingabout80%of theoriginaldata,usedto estimate

the models,and the other, about20%, usedto checkout-of-sampleperformance. To compare

performance,I usetheROC curve areaasin Beck,King, andZeng(2004).And asin BKZ (2004),

I alsoestimateamodelwith only the“PeaceYear”variable,foundin table 1 in thetwo columnsto

theleft of “standardlogit” model,to serve asthebaseandto put thecomparisonin context. As the

tableshows, thestandardlogit model,by addingall thevariablesnot in thebasemodel,improves

theROCareaonout-of-sampletestdataby .008;addingthepastconflict tendency variabledoubles

this improvementto .017.

Figure 2 plotsthemarginaleffectsof severalvariablesfrom thisimprovedmodel.In eachgraph,

theplot shows theprobabilityof conflictasa functionof oneexplanatoryvariable,holdingconstant

all the othersat valuesthat give a relatively high ex anteprobability of conflict.' ^ Contiguity,

Democracy, andPeace-Yearsareamongthe variablethat areshown to have the largestandmost

stableeffectsin theexisting literature,but Figure 2 revealsthatnoneof themhasanimpactnearly

comparableto thatof thenew conflict tendency variable.While thestandardvariablescanchange

theprobabilityof conflictby atmostabout20%asthey varyover therangeof theirpossiblevalues,

thenew variablecanleadto an increasein theprobabilityof conflict from below 20% to closeto

90%asit movesfrom its minimumvalue(0) to thehighest(about4) observedin thedata.

I now turn to the testof theconjecturethat thereis Markov dependencein thegraphof inter-E _
BKZ (2000)shows that the effectsof variablesare larger andmorestablewhenthe ex anteprobability of war is

higher. As in BKZ (2000),I setthevaluesof thevariablesat themedianof eachexplanatoryvariableamongobservations

with À4Á4Â .
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Table1: Modelsof InternationalConflict

P.Y.-Base StandardLogit +PastDegree +Network Stats

Variables Coeff P-value Coeff P-value Coeff P-value Coeff P-value

PeaceYears -.181 0.000 -.153 0.000 -.138 0.000 -.135 0.000

Contiguity — — 1.046 0.000 1.179 0.000 1.411 0.000

Ally — — -.325 0.001 -.227 0.020 -.205 0.037

Similarity — — -.282 0.000 -.084 0.336 -.006 0.949

Asymmetry — — -.882 0.000 -.329 0.017 -.657 0.000

Min-Dem. — — -.045 0.000 -.038 0.000 -.036 0.000

Min-Conf. — — — — .868 0.000 .5212 0.000

D1star — — — — — — -.675 0.000

D2star — — — — — — -.903 0.000

D3star — — — — — — -.910 0.000

D4star — — — — — — -.434 0.002

D5star — — — — — — -.472 0.000

Constant -1.619 0.000 -1.786 0.000 -2.698 0.000 -1.85 0.000

N 23255 23255 23255 23255

Log-likelihood -3379.83 -3178.65 -3066.48 -2990.036

Out-of-sampleROC .826 .834 .843 .859

ROCgainoverbase 0 .008 .017 .033
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Figure2: Marginal effectsof inputvariablesin theMID model.
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nationalconflict, so thatdyadssharinga commonmemberareconditionallydependent.Fromthe

discussionin section 3, we seethatwith Markov dependence,changesin thenumberof triangles

and d -starsarerelevantgraphstatisticsthatenterthepseudolikelihoodfunctionof conditionalprob-

abilities. Sincethemeaningof transitivity in a conflict relationis unclear, I focuson the d -starsin

thetest.

The last two columnsin table 1 reportthe estimationresultswith the d -starchangestatistics

addedto the model. The first five starstatisticshave negative andhighly significantcoefficients.

Thenegative signsmeanthatgraphswith lessclusteringaremorelikely to realize,andthathigher

orderclusteringis lesslikely thanlower level clusteringto occur. This appearsconsistentwith the

data,whichseesveryrareevents,andevenrarerarecaseswhereonecountryis involvedin multiple

conflictsat thesametime.

To confirmtheresultswith out-of-sampletestdata,I estimatethemodelwith the80%subset,

andexaminegeneralizationto the20%testset.Thenetwork statisticscapturingMarkov dependence

structureimprovetheROCareaoverthebasemodelby .033,four timesasmuchasthestandardlogit

modelimprovesover thebasemodel. This is clearevidencethat theassumptionof independence

amongdyadsimplicit in standardmodelsis incorrect.

4 Causal Structure and Causal Inference with Observational Data

Causalinferenceis a centralgoalof empiricalpolitical scienceandtheothersocialsciences.The

vastmajority of empiricalwork explicitly or implicitly involvesclarifying causalrelationshipsa-

monga setof variablesof interestandassessingthe causaleffectsof onesetof variableson an-

other. While randomizedexperimentsareideally suitedfor thepurposeof causalinference,social

experimentsarecostly andsubjectto variousconstraints(suchasnoncompliance,issuesof inter-

nal/external validity, ethical considerations,etc.) that make them difficult or infeasiblein many

cases.Empirical researchershave thereforelargely relied uponnon-experimentaldataandon the

toolsof probabilitytheoryandstatisticalinference.Thelanguageof probabilitycalculus,however,

is not designedfor handlingcausality, but ratherstatisticalassociation.This inherentdifficulty is

responsiblefor the blurring of the causalandstatisticalfoundationsof empiricalstudiesand for
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a variety of relatedpracticalissues,rangingfrom an unambiguousdefinition/notationfor “causal

effects” to theaccurateidentificationof controlvariables(or “covariates”,or “confounders”)to be

measuredandadjustedin estimatingcausaleffects.

To assessthe effectsof a variable o on anothervariable Ã usingobservationaldata,the most

commonpracticein political science(andmuchof theothersocialsciences)is to estimatearegres-

siontypemodel(suchasa logit or probitmodelwhen Ã is binary)with Ã asthedependentvariable,

and o andsomeother“control variables,” denoted
�
, asindependentvariables.In theory, thecontrol

variablesarechosento eliminateconfoundingof therelationshipbetweeno and Ã to ensureunbi-

asedestimation.In practiceunbiasednessconditionsfrom standardstatistical/econometric theories

aredifficult or impossibleto check,' m andoften
�
’s arechosensimply becausesubstantive theories

indicatethat they may directly or indirectly have somecausaleffectson Ã . After estimation,the

marginal effectsof o on Ã , i.e., thechangein Ã following a changein o computedfrom themodel,

with all otherindependentvariablestakingcertainfixedvalues,areoften interpretedasthecausal

effectsof o on Ã .
Confusionreignsin thispractice.First,differentscholarsstudyingthecausaleffectsof thesame

o on the sameÃ typically usedifferentsetsof control variables,guidedby even slightly different

substantive theoriesaboutwhatothervariablesmayaffect Ã . As Pearl(1997a)observes,“whether

an adjustmentfor a given covariate
�

is appropriatein any given study continuesto be decided

informally, on a case-by-casebasis,with thedecisionrestingon folklore andintuition ratherthan

onhardmathematics.” Thispracticein turnhaslednotonly to changesin magnitudebut ofteneven

to reversalof signsin estimatedkey relationshipsacrossdifferentstudies,a phenomenonknown as

Simpson’s Paradox. This makesfinding the“right” setof controlvariablesthe“Achilles heelof all

socialscienceinferencebecauseit is sovery hardto do” (Brady2002,p.1). Second,it is not clear

whetherthemarginal effectsareindeedmeasuresof causaleffects,sinceit is not clearwhetherthe

changesin o areobserved, which couldbea resultof o beingdeterminedby its own causes,or areE7n
Theseconditionsarepartof the“specificationassumptions”in econometricswhichspecifythat � andtheerrorterms

areindependentgiventheothercontrolvariables.In statisticsthey arecalled“conditional independence”conditions,or

“strongignorability” conditionsin thepotentialresponseframework (RosenbaumandRubin1983).Theseconditionsdo

notprovide a working testfor thevalidationof controlvariableselection,thusessentiallyremainassumptions.
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theresultsof externalinterventionson o . Thetwo arenotonly qualitatively differentbut candiffer

greatlyin quantityaswell. Similarly, it is not clearwhetherthecontrol variablesareobservedto

take thespecifiedvalues,or arecontrolled in thesenseof intervention.This problemis particularly

obvious in multiple equationmodels,where o canbeliterally endogenous.Third, do themarginal

effectsof the control variables
�

on Ã , which canbe computedjust the sameway as that for o ,

measurethecausaleffectsof
�

on Ã ? In otherwords,canthesamemodelbe usedto infer about

morethanonecausalrelationship?It typically is, eventhoughif theissueis raisedexplicitly most

scholarswould be intuitively wary. The commonpracticeof controlling for all potentialcauses

of Ã , however, doesnot mathematicallydifferentiatebetweenthekey causalvariable(s)o andthe

“controls”. Finally, a modelfor causalinferenceis often usedfor thepurposeof forecastingÃ as

well (or viceversa),but is acausalmodel(evenif anoptimalone)necessarilyanoptimalforecasting

model,andvice versa? Intuitively the answeris no, sincefor the purposeof forecastingÃ , one

wouldwantto includeall directcausesof Ã , aconditiondifferentfrom controllingfor variablesthat

eliminateconfoundingof therelationshipbetweeno and Ã for thepurposeof causalinference.But

without effective toolsfor identifying thelatter, thecommonpracticeagainconfusesthetwo.

Fortunately, recentdevelopmentsin causalgraphtheoryexemplifiedby Pearl(2000)andSpirtes

et al. (2000)shedlight on theseandrelatedissues.Thatwork providesa new languageanda set

of new tools naturallysuitedto causalinference,andpromisesto make possiblethe leap“from a

centuryof statisticsto anageof causation”(Pearl1997a).In this section,I distill someof thekey

aspectsof thisdevelopmentthathave immediaterelevancefor empiricalpolitical andsocialscience

researchin general,andthestudyof international/civil conflict in particular, laying thetheoretical

foundationfor empiricalwork thatappliestheseideas.Specifically, I discussthe theoreticalpos-

sibility of causalinferencebasedon observationaldata(Section4.1); the causalgraph(or causal

diagram)thatallows theexplicationof qualitative causalassumptions,thedeterminationof control

variables,andtheassessmentof thesufficiency of measuredvariablesfor consistentestimationof

specifiedcausaleffects(Section4.2);andwaysof learningabouttheunderlyingcausalgraphfrom

observed data(Section4.3). I fix ideasusingtheexampleof thecausaleffectsof regime type on

militarizedinternationalconflict,a topic centralto theliteratureon democraticpeace.
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4.1 Causal Inference with Observational Data

Unlike an associationalmodel,which is essentiallyrepresentedby a joint probability distribution

that tells ushow probablevariouseventsareandhow theprobabilitieswould changeconditioning

on theobservationof someof the variablesin the system,a causalmodelalsotells us how these

probabilitieswould changeasa resultof external interventionin the system. A simpleexample

illustratesthe differencesbetweenthe two: the probability of it having rainedif we seethe grass

wet is clearly differentfrom the probabilityof rain if we make the grasswet usingthe sprinkler–

the latter is of coursethe unconditionalprobability of it having rained. Applying the standard

probability calculus,p � i�<�+ 8 ¯ Ä 9b9 �aÅ 9@Æ 
�
z� p � i�<�+ 8 ¯ Å 9�Æ 
z�ÈÇ ½ g�É�-hÊ�Ë�Ì=Í¹Î ¾Ç ½ Ì�ÍwÎ ¾ � p � i�<�+ 8 
�Ç ½ Ì�Í¹Î�Ï gÐÉL-hÊ ¾Ç ½ Ì�ÍwÎ ¾ , a

quantitydifferentfrom p � i�<�+ 8 ¯ Ñ�ÒÓ�aÅ 9�Æ 
�
Ô� p � i�<�+ 8 
 . (Pearl2000).

In causalinferencewhat we are really interestedin is not quantitiesin the form of p � Ã ¯ o 
 ,
but p � Ã ¯ Ñ�ÒÓ� o 
�
 , sincethelatterwould allow usto infer theconsequencesof, for example,a policy

intervention(suchaschangingtheregimetypeof astate),insteadof passively observinghow things

happenof their own accord.What observationaldatanaturallysupplyus, however, areof course

in the form of the former, which explainswhy it seemsso hardor even impossibleto make true

causalinferencesusingobservationaldata.Oneimportantcontribution of thenew causaltheoryis

to show that,undercertaineasilyidentifiableconditions,truecausalinferenceusingobservational

datais in factpossible,thatis, p � Ã ¯ Ñ�ÒÓ� o 
�
 typeof quantitiescanbeexpressedin termsof observable

quantitiesof the p � Ã ¯ o 
 type.

To seewhy, considerthe decompositionof the (observational) joint probability distribution

accordingto thechainrule of probabilitycalculus.Assumethesystemunderstudyhas8 variables

(or setsof variables),denotedo�- 	 + �Õ1�	 � 	@�@�@��	 8 . Wecanwrite

p � o ' 	 o T 	@�@�@��	 o�Ê 
J� p � o ' 
 p � o T ¯ o ' 
 p � o U ¯ o ' 	 o T 
y�@�@� p � o�Ê ¯ o ' 	 o T 	@�@�@�b	 oyÊ ¬ ' 
� ·
/ p

� o�/ ¯ o ' 	 o T 	@�@�@�b	 o³/ ¬ ' 
 (5)

Sinceany given o³/ may be independentfrom someof the variablesin the set o ' 	 o T 	@�@�@�b	 o�/ ¬ ' ,
denote;y<�/ theminimal subsetof o ' 	 o T 	@�@�@�b	 o³/ ¬ ' suchthat p � o�/ ¯ o ' 	 o T 	@�@�@�\	 o�/ ¬ ' 
Ô� p � o�/ ¯ ;y<�/ 
 ,
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we canrewrite (5) as:

p � o ' 	 o T 	@�f� o�Ê 

�¼· / p
� o³/ ¯ ;y<�/ 
 (6)

where;y<�/ arecalledthe “Markovian parents”of o³/ . Expression(6) holdsfor anyorderingof the

o ’s,in particularanorderingthatis causal, sothat ;y<�/ denotesthesetof directcausesof o�/ . ' } Since

thisorderingis mostnatural,andmostmeaningfulfor causalinference,assumethat(6) is basedon

suchan ordering. This decompositionhasa one-to-onecorrespondencewith a causalBayesian

network, representedby a DAG in which o ’s arethenodes,andthereis a directedlink from o�- to

o�/ if o�- is a possibledirectcauseof o³/ , i.e., o�- � ;y<�/ . For example,assumingtheDAG in figure

1 representsa causalBayesiannetwork, then
� ' is the parentof the othervariables,andthe joint

probabilityof thesystemcanbeexpressedas p �a� ' 	�� T 	�� U 	�� ^ 
¨� p �a� ' 
 p �a� T ¯ � ' 
 p �a� U ¯ � ' 
 p �a� ^ ¯ � ' 
 .
Wecall theDAG representingacausalBayesiannetwork acausalgraph(or acausaldiagram).

How doesthisdecompositionhelpusto seethatcausalinferenceis possiblefrom observational

data? In otherwords,how can p � Ã ¯ Ñ�ÒÓ� o 
�
 type of quantitiesbe expressedin termsof the usual

joint or conditionalprobabilitiesthat areobservable? The answeris simple if we realizethat an

intervention,say
Ñ�ÒÓ� o�- � o �- 
 , meansthatthecausalmechanismleadingfrom ;y<�- to o�- is removed

throughexternal control, so that in the causalgraphthe links from ;y< - to o - are removed, and

p � o - � o �- ¯ ;y< - 

�D1 and p � o - � o �- ¯ ;y< - 

�¼5×Ö o �- r� o �- . Thus,from (6) we have:

p � o ' 	 o T 	@�@�@��	 o�Ê ¯ Ñ�ÒÓ� o�- � o �- 
�
°� ·
/�vx - p

� o�/ ¯ ;=<�/ 

� p � o ' 	 o T 	@�@�@�b	 oyÊ 
 [�p � o �- ¯ ;y<�- 
�Ø for o�- � o �- (7)

andfor all othervaluesof o�- thejoint probabilityis 0. Applying conditionalprobabilityoperations,

(7) is equivalentto:

p � o ' 	 o T 	@�@�@�\	 o�Ê ¯ Ñ�ÒÓ� o�- � o �- 
�

� p � o ' 	 o T 	@�@�@�b	 oyÊ ¯ o �- 	 ;=<�- 
 p � ;y<�- 
�Ø for o�- � o �- (8)

which in turn leadsto theexpressionfor causaleffectsof o�- on a subsetof variablesin thesystem

thatarenot in ;y<�- , call it Ã :
p � Ã ¯ Ñ�ÒÓ� o�- � o �- 
�
{�|ÙÚ É º p � Ã 	 ;y<�- ¯ o

�- 	 ;=<�- 
 p � ;y<�Û 

�|ÙÚ É º p � Ã ¯ o
�- 	 ;y<�- 
 p � ;y<�- 
 (9)

E§�
This reflectsthenotionof Markovian causalityin thesensethatconditioningon thedirectcausesrendersa variable

independentfrom all its non-descendants.
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by summing(8) overall othervariablesin thesystemthatarenot Ã . Expressions(7)-(9)areremark-

ablein that they establishthe link betweenquantitiesthat arecausal(left handside),andthatare

observable,involving no “do” operations(right handside). From(9), we alsoseewhenthecausal

effectsareidentifiablefrom observationaldata,andhow: if we observe all thedirectcausesof oy- ,
;y<�- , thenthecausaleffectsof oy- on Ã canbeobtainedjustby adjustingfor ;y<�- . '¹�

Of course,(9) requiresthatwe canidentify andmeasureall thedirectcausesof o�- , anassump-

tion thatmaynotbemetin practice.Fortunately, thereareconditionsunderwhichthecausaleffects

canbe obtainedeven whensomevariablesin ;y< - arenot measured,whenadjustingfor a differ-

entsetof covariates(or controlvariables)would besufficient. Moreover, simplegraphicalcriteria

wouldallow usto identify suchcontrolvariables(or theneedto measurethem,if they arelatent).I

discussthisbelow.

4.2 Causal Graphs and Covariate Selection

The graphicalcriteria can be appliedwhen the causalgraphis known, which I assumehere. I

discussinferenceon thecausalgraphitself later. An exampleof a morecomplex causalgraphis

shown in figure 3, wherethe nodesdenotevariablesor setsof variables,and the directededges

denotethe possibleflow of causation,with a missinglink betweenany two nodesencodingthe

assumptionthat the two arecausallyunrelated.A causalgraphis assumedto be completein the

sensethat all commoncausesof specifiedvariablesareincludedin the graph,andthat all causal

relationsamongthespecifiedvariablesareincluded(e..g,theabsenceof anedgefrom
� ' to

� U is an

accuraterepresentationonly if
� ' doesnot cause

� U .) A completecausalgraphdoesnot, however,

needto includeall causesof all specifiedvariables,or to noteall intermediatevariableson acausal

pathway. And a causalgraphcanhave latentor unmeasurednodes,which areusuallydenotedby

emptycircles.As aconcreteexample,considerthecausalstructurethatthisgraphmayrepresentfor

a setof key variablesmostfrequentlyusedin empiricalstudiesof internationalconflict andin the

testof thedemocraticpeacetheory:militarizedinternationalconflict( Ã ), regimetype( o ), economic

conditions(
� ' ), trade(

� T ), geographicproximity (
� U ), anda setof othervariablesthatmayhave aE �

We alsoseethat, if conditioningon � º , Ü is independentfrom Ý�Þ º , thenadjustmentfor Ý�Þ º would beunnecessary,

and ¤ß�fÜ�à á@âb�f� º Á�� �º �¿��Áã¤ß�fÜ�à � �º � .
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Figure3: A DAG representingcausalstructure

causalrelationshipwith conflict,suchasbalanceof powerandinternationaltreatyandorganization

co-membership(
� ^ ) (e.g.,OnealandRussett1999,Beck,King, andZeng2000,GleditschandWard

2000,Russett2003b).Whetherthisstructureis compatiblewith observeddatais anissueI will turn

to later, whenI discussthe searchfor causalstructuresusingempiricaldata. Here I assumethe

graphis an accuraterepresentationof the causalstructure,anduseit to illustrate the application

of oneof the mostusefulgraphicalcriteria in finding control variables. The substantive interest

hereis to assessthecausaleffectsof regimetype( o ) on theprobabilityof internationalconflict ( Ã ).
Withoutapplyingsuchcriteria,standardpracticesimplycontrolsfor all the

�
variablesin thegraph.

Beforestatingthegraphicaltool, we needto introducethenotionof “d-separation’,or “block-

ing”, in adirectedgraph.If o , Ã , and
�

arethreedisjoint setsof nodesin adigraph,then
�

is saidto

d-separateo from Ã if andonly if every pathfrom any nodein o to any nodein Ã is blockedby
�
.

A pathis blockedby
�

if andonly if: 1. thepathcontainsachain +¨%ÈR�%ë, or a fork +¦ìÈR�%ë,
suchthat R is in

�
, or 2. the pathcontainsan invertedfork +í% Rîì , suchthat neitherthe

middlenode R nor any of its descendantsis in
�
. It is intuitive to seethat if

�
d-separateso from

Ã , then o is independentof Ã conditioningon
�
. This is so sincein a causalgraph,conditioning

on themiddlenodein a chainor a fork blocksthecausalinformationflow, while conditioningon a

common“child” (or its descendants)rendersthe“parents”dependent.

Thetheoremof back-dooradjustment(Pearl2000,p.79)tells usthatthe(total) causaleffect of

o on Ã is identifiableif thereexistsasetof nodes
�

thatsatisfiesthesocalled“back-doorcriterion,”

sothatthatnonodein
�

is adescendantof o andthat
�

blockseverypathbetweenanodein o anda

nodein Ã thatcontainsanarrow into o (i.e.,enterso throughthe“back-door”).Thecausaleffect is
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obtainedby adjustingfor
�

(suchasusing
�

as“control variables”in a regressionmodel,or through

directadjustmentin non-parametricmatching).

The intuition behindthe theoremis that when
�

blocksall back-doorpathsfrom o to Ã , the

“front-door” pathsleadingfrom o to Ã becomethe only channelsthroughwhich the effect of o
to Ã manifests,therebyeliminatingconfoundingof the relationshipby variableslying on a back-

door path(suchasspuriouscorrelationdueto a commoncause).And conditioningon such
�
, o

would be effectively like “root nodes”so that thereis no differencebetween
Ñ�Ò³� o 
 and

Ä 9b9 � o 
 ,
thuspermittingtheleapfrom observationaldata(informationfrom “seeing”)to inferenceoncausal

effect (whatresultsfrom “doing.”)

Whetheragivensetof nodes
�

satisfiestheback-doorcriterioncanbeeasilyreadoff thecausal

graph,sothecriterionprovidesaworking testof thesufficiency of
�

ascontrolvariables.Applying

thebackdoorcriterionto figure3, it is easyto verify thatany setof nodes(excluding o and Ã ) that

containseither � � ' 	�� T � or � � T 	�� U � satisfiesthe back-doorcriterion andcould be usedascontrol

variables. Thereare ï back-doorpathsfrom o to Ã : o � ' � T Ã , o � T Ã , o � T � U Ã , and o � ' � T � U Ã . The

direct commoncauseof o and Ã , � T , could block the first three,andthe fourth is blocked only if

either
� ' or

� U is controlled.

Fromthis example,we canlearna seriesof lessons,someof which directly addresstheconfu-

sionin standardpracticediscussedearlier:

(1) More than one set of nodesmay satisfy the back door criterion, hencedifferent researchers

usingdifferentsetsof controlvariablesin assessingthesamecausaleffect couldall beright at the

sametime—providedeachof thecontrolvariablesetis “right” in thesenseof allowing consistent

estimationof thecausaleffect (by satisfyingthegraphicalcriterion,for example).

(2) However, not all workablesetsof controlvariablesareoptimal,andwe shouldchoosewhat is

optimal,suchasonethatminimizesdatacollectioncostsand/ormaximizesquality of data. In the

example,any setlargerthan � � ' 	�� T � or � � T 	�� U � wouldbesuboptimalin thatwewouldbeusingtoo

many controlvariables,incurringunnecessarycostsof datacollection(if someof thevariableswere

not alreadymeasured),risking moredataquality problems,andsacrificingefficiency by usingtoo

many parametersin estimation,etc.Betweenthetwo minimalsets,choicecanbemadewith similar
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considerations.For example,if dataon economicconditionsweremoreexpensive to obtainand/or

riskedmoreerrorsthandataongeographicproximity, then � � T 	�� U � wouldbebetterthan � � ' 	�� T � .
(3) Contraryto commonbelief, just includingcommoncausesof o and Ã in thecontrolvariableset

maynotbeadequate.

(4) Themarginal effect computedfrom amodelcanbeinterpretedasacausaleffect if andonly if a

sufficient setof controlvariablesis used.

(5) In general,thesamemodelcannotbeusedto infer morethanonecausaleffect. In ourexample,

if wewantto infer theeffectof geographicalproximity (
� U ) on internationalconflict ( Ã ), we should

not control for any othervariables,sincethereareno back-doorpathsbetween
� U and Ã at all. A

modelthat is goodfor studyingthecausaleffect of o on Ã , sayonethat has ��o 	�� T 	�� U � astheset

of independentvariables,is notgoodfor thepurposeof causalinferenceon
� U . Indeed,it wouldbe

a very badone,sinceeffectively the “control variables”for
� U are ��o 	�� T � , which aredescendants

of
� U . Both theback-doorcriterionandcommonsense(andcommonpractice,too,wheretheissue

is obvious) tell us that we shouldnot control for consequencesof a variablein assessingits total

effects.'w� In this example,controlling for the (positive) consequencesof geographicproximity

wouldbiasupwardly themagnitudeof theestimatednegative effect of thevariableon international

conflict.

Attemptingto infer morethanonecausaleffect with thesamemodelis, however, widespread

practice.In theinfluentialwork of Russettetal. (1998)for example,thecausaleffectsof threevari-

ablesof the “Kantian tripod for peace”—democracy, trade,andjoint membershipin international

organizations—areassessedusing the samemodel. The insight from causalgraphtheorywould

suggestreevaluation,especiallygiven their finding thatdemocraciesaremorelikely to join IGOs,

which meansthat in thecausalgraphIGO couldbe a descendantof democracy andhenceshould

notbecontrolledin estimatingthecausaleffectsof democracy on conflict.

(6) In general,agoodcausalmodelis notagoodforecastingmodel,andviceversa.In ourexample,

if we want to build a model that is goodfor forecastinginternationalconflict, Ã , we would wantE§¢
We mayneedto controlsuchvariablesin assessingdirecteffects,aswe shallseeshortly.
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Figure4: A SeeminglyRecursiveSystem

to includeall the direct causesof Ã , that is, the set ��o 	�� T 	�� U 	�� ^ � . This would be a sub-optimal

modelfor inferring theeffect of regimetype( o ), for which ��o 	�� T 	�� U � is sufficient asindependent

variables,andevenworsea modelfor causalinferenceon geographicproximity (
� U ), for which no

othervariablesshouldbeused.Conversely, anoptimalcausalmodelfor either o or
� U would bea

badforecastingmodelfor Ã , asit wouldomit someof thedirectcausesof Ã .
Similar graphicaltoolsasthosegiven in theback-dooradjustmenttheoremshedlight on iden-

tification problemsin structuralequationmodels,too, wherethecausalrelationshipsin the graph

assumelinear functionalforms, andthe causalgraphis effectively the sameasthe pathdiagram.

Figure 4 is anexamplegraphcorrespondingto thefollowing systemof structuralequations:

Ã ' �¼õ ' ± ö '�' o ' ±÷ö 'wT o T ±ùø 'Ã T �¼õ T ± ú T]' Ã ' ± ö T]' o ' ±÷ö T�T o T ±ùø TÃ U �¼õ U ± ú U ' Ã ' ± ú U T Ã T ± ö U ' o ' ±÷ö U T o T ±ùø U
Ã ' �¼õ ' ± ö '�' o ' ±ûö 'wT o T ±üø 'Ã T �¼õ T ±ûú T]' Ã ' ± ö T]' o ' ±ûö T�T o T ±üø TÃ U �¼õ U ±ûú U ' Ã ' ±ûú U T Ã T ±ýö U ' o ' ±ûö U T o T ±üø U

wherethepresenceof thebidirectional,broken-linearcsreflectstheassumptionthattheerrorterms

in the equationsarecorrelated. If thesebidirectionalarcswereabsent,this would be a fully re-

cursive systemandordinary leastsquareestimationof the coefficients (which canbe interpreted

asdirect causaleffects)would be consistent.But are the direct effectsstill identifiable(i.e., can

the parametersstill be consistentlyestimated),if the errorsarecorrelated,andthe systemis only

“seeminglyrecursive”? This questionhasgeneratedmuchconfusion,aswitnessedby the recent
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debateamongleadingeconometriciansandpolitical methodologists.'   Two populareconometrics

textbookswidely adoptedin political methodologycoursesaswell giveopposinganswers.Gujarati

(2003)suggeststhat thesystemcanbeestimatedthroughmethodsfor seeminglyunrelatedregres-

sionmodels(SUR)(footnote7, p.766)while Greene(2000)disagrees,arguingthatidentificationin

thissystemis notguaranteedwithout additionalassumptions(p.673).

Which is right? In the absenceof easyto apply and reliable tests,it is a matterof lengthy

debate.T � Fortunately, new graphicalmethodsprovide somesimpletools to answerthe question.

Theorem5.3.1of Pearl(2000)tellsusthatthedirecteffectof avariableo onanotherÃ is identifiedif

(and,for all practicalpurposes,only if) in thecausalgraphwith theedgebetweeno and Ã removed,

thereexistsa setof variables
�

which arenon-descendantsof Ã suchthat
�

d-separateso from Ã .
Suchset

�
is saidto satisfythe“single-doorcriterion” (p.150).

Applying this theorem,it’seasyto seethatall parametersin thefully recursive system(thathas

thebidirectionalarcsremoved)areidentified.For example,in therecursive model,thedirecteffect

of o ' on Ã T is identifiedsincewith theedgeo ' %¡Ã T removed,all otherpathsbetweenthetwo are

d-separatedby ��Ã ' 	 o T � : any paththatgoesthroughÃ U , suchas o ' Ã U Ã T , is naturallyblocked, o ' Ã ' Ã T
is blockedconditioningon Ã ' , and o ' Ã ' o T Ã T is blockedconditioningon o T .

What abouttheseeminglyrecursive systemwith correlatederrors?Thedirect effect of o ' on

Ã T for exampleis no longeridentified. Oneof the two paths,o ' %þÃ ' %þÃ T and o ' %þÃ ' ìÿ%Ã T , is alwaysactive. Conditioningon Ã ' would block the first but activate the second,while not

conditioningon Ã ' would leave thefirst connected.In general.then,theparametersin a seemingly

recursive systemarenot identifiedwithout additionalassumptions.E§©
Seethediscussionon theH-Net PolMethListservin February2002,underthethread“recursive modelsandidenti-

fication” and“dialog with Greeneon systemsof equations”,http://web.polmeth.ufl.edu/hnet.html.V �
Thoughwe shouldpointout thatGujarati’sansweris obviously flawedsincethesystemis simplynota SURsystem

(whichdoesnothaveendogenousvariablesontheright handside).SURsystemsareof courseidentified,evenestimated

justby OLS,sinceOLSestimatorsareconsistent.TheGLSestimatorusuallyemployedfor SURis to improveefficiency,

which is notanidentificationissue.
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4.3 Causal Structure Inference

Causalgraphsnotonly aid in causaleffect identificationandcontrolvariableselection,they alsoin

themselves facilitatethe explication of qualitative assumptionsaboutthe underlyingcausalstruc-

ture.They provideanunambiguousandefficient languagefor summarizingcausalassumptions,and

make the implicationsof suchassumptionsclear. Somecausalassumptionsbasedon substantive

theoryareexplicit or implicit in any empiricalstudyaimingat causalinference,but they arerarely

explicated,andwithout the aid of the causalgraphonehardly knows whetherthey areadequate.

If they areinadequate,thensubsequentmodelingdecisionsthat implicitly rely on thecausalgraph

suchascontrol variableselectionwould obviously be ungroundedandarbitrary. Even if they are

sufficient, without translatingtheminto a causalgraphtheir modelingimplicationswould be un-

clear. As we have seenin theexampleabove, commonpracticesof controlvariableselectionsuch

asincludingall commoncausesof o and Ã and/orincludingall causesof Ã canleadusastray.

Sothecausalgraphplaysa critical role in improving causalinference.Althoughthe language

of causalgraphis new to thediscipline,political scientistsintuitively recognizethe importanceof

understandingthestructureandmechanismsof thesystemunderstudy. In offering a seriesof sug-

gestionsfor improving causalinferencewith observationaldata,Brady(2002)makeshaving better

theorythat “providesmechanismsandexplanations”the top priority. As he convincingly argues,

“researchersshouldnot be happy with regression’models’ that simply throw variablesinto a re-

gression...researchersmustseekto understandtheexactmechanisms...shouldseekto explainsocial

phenomenain thesameway that theMaxwell-Boltzmanntheoryof gasesexplainstheregularities

of thegaslaws...” (p.29). Ideally, we shouldhave suchgoodsubstantive theorythattheunderlying

causalgraphis readilyavailable.

Unlike the physicalsciences,however, the causalstructurein a social systemis much less

clear, andno matterhow hardwe try, therewill be situationswheresufficient substantive theory

is unavailableto provide uswith anindisputablecausalgraphto work on.T]' In anoverview of the

literatureon violencestudies(Russett2003b),for example,“the directionof causality”topsthelistV¹E
Indeedmost,if not all, endeavorsof causalinferencein thesocialsciencesaim to “test theory”, i.e., to seewhether

certaincausallink existsat all, andtheestimationof themagnitudeof theeffect, if any, is of secondaryimportance.
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of “analyticalproblemsandresearchdirections.” Doesallianceformationreducetherisk of conflict,

or docountriesally with eachotherbecausethey areatpeace?Democracy maydecreasetherisk of

conflict,but wouldpeace-timemake preservingdemocraticgovernmenteasier?(p.21).

Fortunately, causalgraphtheorytells us thatwe do not needto rely completelyon substantive

theoryin learningthecausalstructure.Undersomegeneralassumptionswe canlearna greatdeal

aboutthecausalgraphfrom observed data(Spirteset al, 2000;PearlandVerma1991). Software

tools that “discover” causalstructurefrom datahave beendevelopedand are in widespreaduse

acrossvariousfields(Scheineset al., 1994.)Thesetoolscanbefruitfully employed in theanalysis

of political datawherecausalstructureis far from clearfrom substantive theoryalone,suchasdata

on international/civil conflict. Below I briefly discussthe intuition for why such“causalstructure

discovery” is possible,andexplain thecommonassumptionsusedin thesearch.

Fromthediscussionin section 4.1,we have seenwhy andwhencausaleffect estimationfrom

non-experimentaldatais possible.Theintuition behindcausalstructurediscoveryfrom observation-

al datais essentiallysimilar, andrestsin thefactthat,underthecausalMarkov condition,observed

patternsof statisticalindependencemayimply constraintson patternsof causation,effectively lim-

iting the numberof possiblecausalgraphscompatiblewith observed data. A simpleexampleil-

lustratesthe idea. Supposea systemunderstudy containsjust threevariables, o�- 	 + � 1�	 � 	 � ,
andsupposewe observe from the datathat o ' and o U are independentconditioningon o T . This

observation, strictly statisticalandnot causalin itself, neverthelessimplies that the causalgraph

o ' % o T ì o U is incompatiblewith the data,sinceif o ' and o U wereboth causesof o T , then

conditioningon o T would rendertheparentsstatisticallydependent.T�T
Observed independencepatternsrarely imply a uniquecausalgraphcompatiblewith data. In

thesimpleexamplehere,either o ' %Õo T % o U , or o ' ì o T ìÕo U , or o ' ì o T %Õo U would be

compatiblewith the observation. Softwaretools suchasTetradtake observed data(andindepen-

denceconditionsthey embody)asinput, anduseeffective algorithmsto searchfor all compatible

graphs.The numberof suchgraphscanbe greatlyreduced,possiblyto only one,with addedas-V¿V
For example,if thevalueof � V is determinedby theothertwo through� V Á�� E�� � X , thenconditioningonthevalue

of � V would meanthat � E and � X cannottake arbitrary, unrelatedvalues. In particular, if � V is 0, thenit mustbe that

� E Á��²� X .
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sumptions,basedon substantive knowledgeof theproblemor knowledgeof thetemporalorderof

variables,(suchasregimetypedoesnotcausegeographicproximity, or theGDPvariablemeasured

last yearcannotbe a causeof thepopulationdensityvariablemeasuredfive yearsago)or theory,

(suchasconflict involvementhasno directcausaleffect on regimetype)or generalassumptionsof

axiomaticnature.Thelasttypeincludes:T U
1.Faithfulness(stability): This conditionassumesthat independencepatternsin theprobability

distribution of dataarisenot from coincidencebut ratherfrom structure.In figure 3, for example,

supposegeographicproximity (
� U ) increasestherisk of conflict ( Ã ), but decreasesit throughfacili-

tatingtrade(
� T ) which is known to inhibit conflict. Supposethepositive effect andnegative effect

aresuchthat they exactly balanceandcancel,then
� U and Ã might be independentin theobserved

data.In thiscase,thedistribution is saidto beunfaithful to thetruecausalstructure.

2. Causalsufficiency: All commoncausesof measuredvariablesaremeasured.

3. Model minimality: a parsimony conditionsimilar in spirit to that consideredin standard

model selectionprocedures,which guaranteesthat any alternative structurecompatiblewith the

datais necessarilylessspecific,lessfalsifiable,andlesstrustworthy thantheinferredstructure(s).

It is not necessaryto adopttheseconditionsfor theTetradtool to operate,althoughadditional

assumptionscandramaticallyincreaseinferentialpower. Comparedwith pettheoriesthatmayoften

bewhimsical,theaxiomatictypeassumptionsaremuchmoregeneral,andmucheasierto commu-

nicateacrossdifferenttypesof problemsor indeeddifferentdisciplines.Substantive assumptions

basedon theorycanstill be usedasinput, andthe implicationsof themareclearly seenfrom the

resultingcausalgraphsinferred,which in its own providesthe researcherwith a powerful means

to understandthe ramificationof any theoreticalassumption,andmaychangetheway studiesare

designedanddatacollected.

Causalgraphtheorydiscussedabove is still underdevelopment.For example,existingmethods

largely focusonacyclic graphswith no feedbackcyclesor undirectededges.In thesocialsciences,

however, cyclic graphsand/orundirectededgesareoftenencountereddueto unrefinedmeasurement

thatpermitsfeedback,which blurs thedirectionof causation.Extendingthe resultsfor DAG’s toV�X
SeePearlandVerma1991,Scheines1997,Pearl1997b,Freedmann.d.,FreedmanandHumphreys1999,andSpirtes

etal. 1997and2000for somedetaileddiscussionanddebateonthereasonablenessandconsequencesof theseconditions.
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suchgraphsarethereforeparticularlyusefulfor socialscienceapplications.

5 Rare Events and Functional Complexity

This sectiondiscussessomeextensionsof existing methodsto accommodatespecialfeaturesof

political data,suchas functional complexity and rarenessof certainevents. Rarenessof events

is a key featureof internationaland civil conflict data,and functional complexity characterizes

mostpolitical andsocialrelationships.Section5.1 givessomeresultson recovering measuresof

network characteristicsin relationaldatadiscussedin section3.1, whenthedataresultfrom more

efficient “case-control”samplingdesignfor rareevents.Section5.2discussesimprovementof the

randomgraphmodelsdiscussedin section3.2, as well as modelsfor the so-called“propensity

score”increasinglyusedin theestimationof causaleffects,with flexible functionssuchasneural

networks.

5.1 Rare Events Data and Network Characteristics

Someevents,suchasinternationalandcivil conflict, presidentialvetoes,coups,or rarediseases,

rarely happen.To studysuchevents,using the full sampledatais grosslyinefficient sincemost

of thenon-eventscontainlittle information. Alternative samplingplansthat retainonly theevents

anda small fractionof thenon-eventsaremuchmoreefficient in termsof bothdatacollectioncost

andsubsequentdatastorageandanalysis.Inferentialimplicationsof andnecessarycorrectionsfor

usingsuchdatain standardmodelssuchaslogit arewell developed(King andZeng2001b,2001c,

and2001d),but nowork hasbeendoneanalyzingtheissuein thecontext of socialnetworks,where

alternative samplingplanspreviously studiedtypically selecton players(or nodesin the graph),

ratherthantypesof relationships(existence/absenceof edges).Questionsnaturallyarise,suchas

whether/whichnetwork characteristicsmay be recoveredfrom suchsub-sampleddata,andhow.

The preliminary resultsbelow show that essentiallyall measuresdiscussedabove areobtainable

throughsimpleadjustmentassumingknowledgeof thesizeof thefull network ( F ) andtheratioof

the numberof null dyads(e.g.,dyadsnot involved in conflict) in the full data( F�� ) to that in the

sub-sampleddata( 8 � ).
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Theestimatorswe give areconsistentsincethey arecontinuousfunctionsof consistentestima-

torsfor thesub-sampleddata.

Degree and actor centrality: Thedegreeof anode(player)is thenumberof edgesadjacentto it. In

theconflictnetwork, for example,it wouldbethenumberof countrieswith whichoneis in conflict.

Sincesub-samplingthe“0”’ s, i.e., dyadsnot in conflicts,leavesall existing edges(conflict) intact,

it is obvious that the degreemeasuresfor the conflict network arenot affectedby the sampling

process.Hencedegreesfrom thesampleddataarealsodegreesfor theoriginal network.T ^
This is soonly for thenetwork of therelationthatis alsothebasisof thesub-sampling,however.

We may needto recover degreemeasuresfor networks of otherrelations,saytrade. Obviously a

null dyadfor the“conflict” relationmaynot benull for the“trade” relation.Thussomecorrection

is needed.Let Ã denotethe relationbasedon which dataaresampled,andlet
Å�� F � [ 8 � . It is

easyto seethat the correctedmeasureis simply
Ñû�(Ñ ' ± Ñ � Å , where

Ñ - is the degreemeasure

correspondingto Ã � + 	 + �ë5³	�1
. The centrality index,

Ñ []F , is thenjust the recovereddegree

measureover thesizeof thefull network.

Density and centralization: Similar reasoningleadsto the formula for densitymeasures:� �
� E « � �ÐÌ� ½ � ¬ ' ¾ , where � - is the total numberof edgespresentwhen Ã � + 	 + �Q5³	�1 . Indicesof central-

ization,measuredasvariancesof actorlevel degreeor centralitymeasures,areavailablebasedon

thecorrectedactorlevel measures.

Cohesive subgroups: Usingthedefinitionof d×cã> Ò i 9 Ä for cohesive subgroups,sub-samplingdoes

not changecohesive subgroupstatusin the samerelation Ã (that is the basisfor sampling),since

existing edgesarenot affected.On a differentrelation,a cohesive subgroupin thesampleddatais

obviously alsoa cohesive subgroupin the full network. However, a subgroupthat is not cohesive

in the sampleddatamaybe cohesive in the full data. Oneway to estimatethe true statuswould

beto fill missingdatafor Ã �D5 casesusingsampledensityinformation: if for Ã �D5 , thedensity

of edgesis j , thenturn themissinglinks into edgeswith probability j . Onceall missinglinks are

filled, cohesive subgroupstatusis easilycheckedwith the d.c­> Ò i 9 concept.V _
Othercharacteristicsof thegraphbasedon edgespresent,suchasnumberof trianglesand

ª � starsusedin random

graphmodels,aresimilarly unaffected.
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Structural equivalence: The measuresI discussedarecorrelationor distancemeasures,andas

such,properweightingshouldgiveconsistentestimates.All datacorrespondingto Ã �¼5 shouldbe

weightedby
Å6� F��@[ 8 � . For example,thecorrectedEuclideandistancemeasurebetweennodes+

and , , assumingasymmetricrelation,wouldbe� Å Ù
e
	 � x �

� o -fe c�o /Le 
 T ±îÙ
e�	 � x '

� o -fe c�o /�e 
 T
whereo is therelationonwhich themeasuresareconstructed.It couldbethesameas Ã or couldbe

a differentrelation. Weightingin correlationsis similar. Suchweightingin computingcorrelation

coefficientsor distancemeasurescanbeimplementedin standardstatisticalpackagessuchasStata

andsoposesno practicalinconvenience.

5.2 Functional Complexity: Improving Random Graph Models for Relational Data

and Propensity Score Models for Causal Effect Estimation

Functionalcomplexity characterizesmost,if not all, political andsocialrelationships,andtheex-

act functionalformsarealmostnever known. Flexible modelssuchasneuralnetworks thatbetter

accommodatesuchcomplexity thanmoststandardmodelsarereceiving increasingattentionin po-

litical science.As in awiderangeof otherfields,neuralnetworkshavefoundsuccessfulapplications

in themodelingof political data(e.g.,Zeng1999,2000a;Beck,King, andZeng2000,2004;King

andZeng2001a,LagazioandRussett2003.)In thissectionI discusstheirusein improving random

graphmodelsfor theanalysisof relationaldataandpropensityscoremodelsfor theestimationof

causaleffects. Standardpracticein estimatingthesemodelsrelieson simplemodelslike logit that

assumecertainfunctionalform, usuallylinear in onepart or another, andis likely inadequatefor

complex datalike internationalconflict.

A neuralnetwork modelis capableof approximatingarbitraryfunctionalformsthroughtheuse

of “hidden neurons”. Figure5 depictsa singlehiddenlayer feedforward neuralnetwork, where

the hiddenneurons
�

arefunctionsof the input variableso , andthe outputvariable Ã is in turn a

functionof thesehiddenneurons.Providedthefunctionsfor
�

satisfysomegeneralconditions(such

asbeingbounded,non-constant,andcontinuous),andthatsufficient numberof hiddenneuronsare

used,thefunctionthatrelatesÃ to o through
�

is provento beabletoapproximatethe“true” function
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Figure5: A onehiddenlayer feedforward neural network

Ã ���¨� o 
 to arbitrarydegreeof accuracy, whatever form
�¨���´


takes. This explainsthe theoretical

appealof thesemodels.Thelogistic form is typically usedfor
�
. Outputfunctionfor Ã is typically

logit if Ã is binary, andlinearif Ã is continuous.

Neuralnetworks may be superiorto standardmodelslike logit in any situationwherethe un-

derlying “true” functional form is unknown andis likely complex. In the caseof randomgraph

modelsfor relationaldata,improvementover standardmodelsis likely in analyzingcomplex rela-

tionshipssuchasinternationalconflict, especiallygiven previous successof neuralnetworks over

logit on suchdata(e.g.,Beck,King, andZeng2000,2004;King andZeng2001a).In section3.2

wehavediscussedrandomgraphmodelsin somedetail,andhaveseenthat,in model1, thenetwork

characteristics
��� o 
 enterthe modellinearly, asdo

µ�� o�-0/ 
 in model3. The linearity is part of the

modelassumption, but is rarelychallengedat all in existing work, which alsoevaluatesmodelper-

formanceby goodnessof fit ratherthanoutof samplegeneralization,apracticethatcanbeseriously

misleading.In applyingrandomgraphmodelto complex political data,improvementcanbemade

in theseareas.Flexible modelsthatcanapproximateunknown complex functionalformswell, such

asneuralnetworks,canbeusedin placeof the linearspecifications.And modelevaluationshould

rely on thegoldstandardof out-of samplegeneralization.

5.2.1 Improving Propensity Score Estimation

Wenow turn to thesubjectof estimatingcausaleffectsusingthepropensityscoreapproach.Graph-

ical methodsdiscussedin Section4 allow usto determinewhethercertaincausaleffectsareidenti-

fiablefrom observationaldata,andif sowhichvariablesshouldbecontrolled/adjusted in estimating

37



theseeffects. The remainingtask is actuallycarryingout the estimation. Typically a parametric

model(suchasa generalizedlinearregressionmodel)would berun for this purpose.A parametric

modelmaysuffer from two majorproblems,evengiventhecorrectsetof controlvariables.Oneis

incorrectfunctionalform assumption,theotheris theproblemof incomparabilityof “experimental”

and“control” groupsin thedata.Thesecondproblemexistswhenthedistribution of controlvari-

ablesfor onevalueof thecausalvariabledoesnot completelyoverlapwith that for anothervalue.

Observationsin thenon-overlapregion in effect do not have matchesandarethereforeuselessfor

causalinference.Not excludingthemwouldcontaminatethedataandresults,but checkingfor non-

overlapdirectly on thecontrolvariablesis difficult or eveninfeasible,sincewith typical sizeof the

controlvariablesetit would involve high dimensionaldensityestimation(King andZeng2004).

Conceptually, non-parametricmatchingis superiorto parametricmodelsin that they do not

assumespecificfunctionalformsandthematchingprocessitself would guaranteethatonly obser-

vationswith matchesareused.In practice,matchingliterally is rarelyfeasiblewhentherearemore

thanjust acoupleof controlvariablesand/orwhenthecontrolvariablesarecontinuous,becauseof

the “curseof dimensionality”. Recentdevelopmentin statisticshasoffereda promisingapproach

thatavoids thecurseof dimensionalityandtherefore“solves” theproblemof control variablead-

justment.Theseminalwork of RosenbaumandRubin(1983)provesthatadjustmentcanbemade

by matchingon just onescalarvariable,the so called “propensityscore”. Let o denotethe key

causalvariable,and
�

denotethesetof (correct)controlvariables.Thepropensityscoreis theprob-

ability of beingexposedto the cause(receiving a treatment,participatingin an experiment,etc.)

conditioningon thecontrolvariables:p � o �Q1�¯ ��
 . T m RosenbaumandRubin(1983)provesthatthe

propensityscoreis a “balancingscore”in that conditioningon it thedistribution of
�

is balanced

acrossthe “treatment”and“control” groups. This meansthat adjustingfor the propensityscore

aloneis equivalentto adjustingthewholesetof controlvariables.It alsomeansthat thepropensi-

ty scorecanbeusedto identify non-overlapregion in datawithout theneedfor high dimensionalV¿n
Thepropensityscoremethodis originally developedfor binary � , which we assumehere.It is recentlygeneralized

to “propensityfunction” that works for other typesof causesas well, suchas multinomial, ordinal, or continuous�
(Imai andDyk 2002).Thefollowing discussionappliesto propensityfunctionin general,but we usethebinarycasefor

illustrationas“propensityscore”is a morefamiliar term.

38



densityestimation(e.g.,King andZeng2004). This is anexciting development,andnaturallythe

propensityscoreapproachis receiving increasingattentionin statisticsandall of thesocialsciences.

As Brady(2002)argues,“everyempiricalresearchershouldbecomefamiliarwith this framework.”

(p.30).

Oneimportantissueremains,however. The“true” propensityscoreis rarely, if ever, known in

observationaldata,andhenceitself mustbeestimatedfrom databeforeit canbeusedto estimate

causaleffects by matchingor relatedmethodsand/orto identify densitynon-overlap. Building

modelsthatgivevalid propensityscoreestimatesarecritical to subsequentanalysis,for theobvious

reasonthatgoodpropertiesof propensityscoresdo not apply to non-propensityscores.Although

studieshave shown that the consequencesof misspecificationin the propensityscoremodel tend

to be milder thanthat in the outcomemodel,misspecificationof the propensityscoremodelcan

severelybiascausaleffectestimationnevertheless(e.g.,Imai andDyk 2002,Table1, p.14).

Despitethisseeminglyobviousfact,with few exceptions(Heckmanet al. 1998b)appliedwork

using the propensityscoreapproachhave largely relied on simple logit modelsto estimatethe

propensityscore,often without conductingany testsfor the validity of the estimatedpropensity

scores. The possibility of invalid propensityscoresfrom suchstudiesis a potentialreasonwhy

somestudiesfind thatestimatedcausaleffectsfrom adjustingfor the“propensityscore”arebiased

comparedwith thebenchmarkof experimentalresults(e.g.,AgodinandDynarski2001;Bloometal

2002;Ty Wilde andHollister 2002).Somestudiestry to alleviatetheproblemby includinghigher

order termsin the logit model,but polynomialapproximationto unknown nonlinearfunctionsis

inefficient andoftensuffersfrom numericalinstability problems.

For reasonsdiscussedearlier, neuralnetworksprovideanaturalcandidatefor modelingpropen-

sity scores.Below we give somepreliminaryresultscomparingperformanceof a neuralnetwork

andsomelogit modelsin studyingthecausaleffectof regimetypeontheprobabilityof statefailure

(King andZeng2001a,2004). Therearefive control variables:military population,population

density, legislative effectiveness,infant mortality, andtradeopenness.The“treatment”variableis

binary indicatingwhetherthestateis a partialdemocracy or autocracy. A singlehiddenlayer feed

forward neuralnetwork modelwith
1��

hiddenneuronsfor thepropensityscoreis comparedwith
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Figure6: Propensityscore validity test.“o”: neural network;“+”: logit; “ � ”: logit with up to third

order terms

a simplelogit (with just theoriginal controlvariables)anda logit that includesmany higherorder

terms(all termsup to the third order). If the estimatedpropensityscoreis valid, then it should

possessthe balancingpropertyso that, for example,the means,variances,andcovariancesof the

control variablesshouldbe the samefor the democraciesandthe autocraciesconditioningon the

propensityscore.Figure6 shows theresultsof testingthenull hypothesisthat thedistributionsof

thecontrolvariablesarenot statisticallydifferentacrossdemocraciesandautocracies,within sub-

classesof similar propensityscorevalues.The tablereportsthe ; -valuesfrom theHotelling’s � T
testsuitablefor the purpose.We test the means,variancesandcovariancesby including all first

order andsecondorder termsof the control variablesin the group for comparison.As in usual

hypothesistests,high ; -valuesleadto failureto rejectthenull hypothesis,while very low ; -values

leadsto findingsof “significance”. Unlike a typical test, “significant results” in this context are

“bad” sinceit wouldmeanthattheestimated; -scoresareinvalid.

The resultsfrom the figure are clear. The ; -valuesfor the neuralnetwork propensityscore

model(circles)arein generalmuchhigherthanthosefrom eitherof the logit models(crossesand

triangles),andall areabove the standard
5³�05��

significancelevel. The many crossesandtriangles

below
5³�05��

meansthatthelogit models,eventheonewith somany higherorderterms,have failed

to producevalid propensityscores.
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6 Conclusion

Predictionandcausalinferenceare the centralpursuitsof empiricalpolitical science.Graphical

methodsandmodelsprovideexcellenttoolsfor improving structuralandrelationalmodelingthatis

vital for reliablepredictionandcausalinference.Theimportanceof structuralandrelationalmod-

eling is particularlyevident in theanalysisof internationalrelationsdata.Internationaleventstake

placenot in isolation,but within anetwork of intricateinterdependence.Thestructuralcharacteris-

ticsof theinternationalnetwork, in additionto individualstateor dyadlevel attributes,aretherefore

likely to hold importantexplanatoryandpredictive power. How to identify andmeasurethe net-

work characteristicsandmodelthedependencestructuresystematicallyhaslargelyeludedprevious

research.Graphicalmethodsandmodelsgreatly facilitate this taskby providing a rich arrayof

well definedgraphtheoreticmeasurescapturingthestructureof theentirenetwork, andby allowing

thesystematicmodelingof dependencestructureof thenetwork throughtheuseof thedependence

graph. In causalinference,graphicalmethodsprovide useful tools that help the identificationof

causalstructurefrom observedassociationaldata,andthatimprove theassessmentof causaleffects

by ensuringcorrectspecificationof controlvariables.Theoreticalunbiasednessconditionssuchas

stronglyignorabletreatmentassignmentareotherwisehardor impossibleto checkbut canonly be

assumed.

Thispaperbringstogetherthelargeanddiverseliteratureondifferenttypesof graphicalmodels

that areof particularimportanceto our discipline, integrating the techniqueswithin the unifying

framework of graphtheoryandoffersa technicallyaccessibletreatmentof themethods.Thepaper

discussestheadaptation,applicationandextensionof thesegraphicalmethodsandmodels,laying

thetheoreticalfoundationfor broadscaleempiricalresearchemploying thesenovel tools. Initial re-

sultsfrom analyzingthe1947-1989MID dataprovidestrongevidencethatpropertiesof thesystem

asa wholeandthatof individual states/dyadsembeddedin thesystemhold importantexplanatory

andpredictive power, andclearlyrevealtheinterdependenceamongdyadssharingacommonmem-

ber. Althoughthediscussionlargely focuseson thecaseof analysisof internationalrelationsdata,

many of theideasofferedreadilyapplyto othersubfieldsof political scienceandcognatedisciplines

aswell.
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