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Abstract

Critical to reliable predictionand causalinferenceis understandingtructuralrelationshipsn
the social and political systemsunderstudy Graphicalmodelsare naturally suitedfor con-
ceptualizingandrepresentingelationships.This paperintroducesandsynthesizes large and
disparatditeratureon differenttypesof graphicalmodels,with particularattentionon recent
developmentsn theoriesof causagraphsandmodelsof randomgraphgfor relationaldata,and
discusseshe adaptationapplication,andextensionof thesegraphicalmethodsandmodelsin
political dataanalysisin generalandin the modelingof structuralpropertiesof international
relationsdatain particular Graphicalmodelscanimprove predictionand causalinferencein
thesedataby facilitatingsystematiexaminationandmodelingof characteristicef theinterna-
tional network, by guidingtheidentificationof the causaktructuran the systemandby adding
flexibility in functionalform approximationlnitial resultsfrom analyzingthe 1947-198MID
dataprovide strongevidencethat propertiesof the systemas a whole and that of individu-
al states/dyadembeddedn the systemhold importantexplanatoryand predictive power, and

clearlyrevealtheinterdependencamongdyadssharingacommonmember



1 Introduction

Graphicalmodelsare excellenttools for conceptualizingand representingelationships,suchas
relationshipsamongthe individual actors(personsprganizations states,etc.) understudy or re-
lationshipsamongthe variablesin a model. Understandindhefirst type of relationshipis critical
particularlyin the studyof relationaldata,suchasdataon internationalconflict, andunderstanding
the secondtype is at the core of causalinferenceaiming at clarifying the structuralrelationships
amongvariousquantitiesof interestin the systemunderstudy Graphsalsofacilitaterepresentation
and interpretationof flexible statisticalmodelssuchas neuralnetworks that accommodateom-
plex functionalrelationshipsn social sciencedata. Recentdevelopmentsn randomgraphsand
relatedestimationstratgies have provided promisingnew tools for impraving statisticalanalysis
of relationaldata,andrecentadvancesn causalgraphtheorieshave offereda formal languagefor
communicatingand processingcausalinformationin statisticalanalysisthat greatlyfacilitatesthe
identificationof causalstructuresandthe assessmertf causaleffects. Relationaldataaboundin
political science especiallyin the areaof internationalrelations,and causalinferencehasalways
beenacentralgoalof empiricalpolitical analysis.Thesenew tools,still unexploredandlargely un-
known in political sciencethereforehold greatpromisefor the improvementof empiricalanalysis
in thefield.

The literature on differenttypesof graphicalmethodsand modelsis large and diverse,with
differentbranchegelatively disconnected.This paperprovides a synthesisand a technicallyac-
cessibleintroductionto the literature,and discusseshe adaptation application,and extensionof
thesegraphicalmethodsand modelsin political dataanalysisin general,andin the modelingof
structuralpropertiesof internationalrelationsdatain particular In studyinginternationalconflict,
for example theinternationahetwork canbe modeledasarandomgraph.Structuralcharacteristics
andtendencie®f the network, which potentiallyhold importantadditionalexplanatoryandpredic-
tive power beyond the usualindividual/dyadlevel attribute variables,may thenbe representedy
relevant graphtheoreticmeasuresindincludedin the statisticalanalysis. Theoreticallyimportant
guestionsuchaswhetherthereis dependencamongdyadssharingacommonmembercanthenbe

answeredhroughformal statisticatests.Systematieaneasuremerdf the characteristicanddepen-



dencestructureof the network have largely eludedpreviousresearchinitial empiricalresultsfrom
analyzingthe 1947-1989nilitarizedinternationaldispute(MID) dataclearlydemonstratéheutility
of graphicalmethodsandmodels,andoffer findingsof profoundsubstantie significanceln causal
inference correctspecificatiorof bothstructuralequatiormodelsandsingleequatiormodels some
versionof which is emplo/edin virtually all empiricalstudiesof political sciencejs aidedby the
causalgraph,without which conditionsensuringunbiasedestimationof causaleffectsarevirtually
impossibleto checkandmustremainassumptions.

In what follows, Section2 introducessomebasicgraphtheory terminologiesand discusses
several typesof importantgraphicalmodels,in particularsocial networks and randomgraphsfor
relationaldata,andcausalgraphsfor representingausaktructuresSection3 discussegraphsand
randomgraphdor relationaldatain somedetail, proposinghe adaptatiorandextensionof relevant
conceptsaandtechniquedo the study of internationalrelationsdata,andreportinitial resultsfrom
applicationto theanalysisof theMID data;Section distills somekey aspect®f causabraphtheo-
ry thathave immediateandprofoundimplicationsfor causalnferencewith non-experimentaldata,
shaving how they maychangdheway studiesaredesignecgnddatacollectedusingthe exampleof
internationatonflictdata;Sections discussemethodologicaéxtensionghataccommodatepecial
featuresof political datasuchasfunctionalcompleity andrarenes®f eventsin conflict data,and

givessomepreliminaryresults;Section6 concludes.

2 Graphsand Graphical Models

2.1 Graphs

| bagin by introducingsomebasicgraphicalterminologiesandnotationsrelevantto modelingrela-
tional data,causaktructure andfunctionalmapping.Excellentintroductionto graphtheorycanbe
foundin, for example,Scheinermar§2000). A graph G is apair G = (V, E) whereV is afinite
setof verticesor nodes and E is a setof edges or 2-elementsubset®f V, representing relation
onV. If therelationis symmetric,suchasgeographicontiguity or involvementin dyadicconflict,

then{u,v} € E implies{v,u} € E, andtheedgeuv is undirected.If therelationis asymmetric,
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Figurel: A graph(left) anda digraph (right)

suchasinitiation of conflictor causationthen{u, v} € E doesnotimply {v,u} € E, andtheedge
uw is directed.Whenuwv is anedgeof G, we sayu andwv areadjacent andwrite u ~ v if theedge
is undirectedpr u — wv if it is directed.If all edgesof G aredirected,G is calleda directedgraph
or adigraph 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 nodesetis small. A matrix representatioins

generallymorecorvenient. A graphG = (V, E) canberepresentetby a squarematrix X, such
thatfori € V andj € V, X;; = 1if (4,5) € E, andX;; = 0 otherwise.Thatis, theijth element
of X is 1 if thereis alink from nodes to j. A graphcanalsohave valuededgesjn which caseX;;

will take the valueof the edgeinsteadof simply indicatingpresencer absencef it. For a binary
relation, X is alsocalledtheadjacencymatrix of G.

Whenu ~ v, v andv areneighbos of eachother Whenu — v, u is aparentof v andv is a
child of u. Otherterminologiesof kinship,suchasancestos anddescendantss similarly used.A
nodein a digraphis arootif it hasno parent. The setof all neighborsof a vertex u is denotedoy
ne(u), thesetof all its parentdy pa(u) andthe setof all its childrenby ch(u). For asubsetA of
V, pa(A) denoteghe collectionof parentsof all elementsn A excluding A itself, andch(A) and
ne(A) aresimilarly defined.

A graphis completef all pairsof nodesareadjacent.A subgaph of G inducedby a subsebf
nodesA C V hasA asthenodesetandthe subsebf edgedn E linking pairsof nodesin A asthe
edgeset. A cligueof GG is acompletesubgraphA pathis a sequencef edgessuchthateachedge

startswith the nodeendingthe precedingedge.A pair of nodesareconnectedf thereexistsa path

11 shallrefereitherasa“graph” wherethereis no confusion.



betweernthem. A pathis directedif it tracesout a setof directededgesalongthe directionof the
arrowns. A cycleis a paththat startsandendson the samenode. A directedgraphthatcontainsno

directedcyclesis adirectedagyclic graph,or aDAG, suchasthedigraphin Figurel.

2.2 Graphical Models

" ou

In the generaldefinitionof a “graph; “node” and“relation” arecompletelyabstractonceptsVar
ious specificgraphicalmodelsarisefrom combinationsof particulartypesof nodesandrelations.
Threeclasse®f modelsareconsideredn this paper

Whenthe nodesof G denotesocialactorsandthe edgesof G denotesocialrelations,G rep-
resentsa social network to which a vastliteratureis devoted, with mostapplicationsn sociology
andpsychology(Wassermarand Faust1994; Wassermarand Galaskigvicz 1994.) Traditionally
the literaturehasfocusedlargely on descriptve measure®f graphicalpropertiessuchascentrali-
ty, density cohesrenesstc. Recentdevelopmenthasfocusedon the statisticalanalysisof random
graphsin whichthepresencer absencef edgeds assumedo beprobabilistic.Much of thislitera-
turecanshedight onrelationaldataanalysign political science For example,internationaktonflict
is a“relation” on the network of nation-statesln section3 (andsection5.1) | shalldiscusghe ap-
plicationandextensionof someof theimportantideasfrom the socialnetwork literature especially
the recentliteratureon randomgraphs.to the analysisof internationalrelationsdata. Theseideas
will allow usto identify andmeasurenew explanatoryvariableshatrepresensystem-lgel charac-
teristicsandtendencieswill enableusto refinemeasurementf someexisting variablesthat have
beenprovenimportant,andwill make the systematianodelingof dependencstructuregossible.

Whenthe nodesof G denotevariablesin the modelof somesystemunderstudy andthe edges
denotecausalrelationsamongthe variables,G is a causalgraph (Pearl2000). The causalgraph
depictsthe causalstructureof the systemunderstudy knowledge of which is critical to reliable
causalnference.Model specificationin mostempiricalwork implicitly assume&nowledgeof the
pertinentpart of this structure but the assumptionsrerarely madeclearandjustified. Indeed,in
mostsituationsthe causalgraphis really unknavn. Onewidespreadsymptomof causalinference

without adequatéknowledgeof the underlyingcausalstructureis the seemingarbitrarinessn the



selectionof “control variables”or “covariates”in a regressionmodel. In the large empiricalliter-

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

to find ary two papersthatuseanidenticalsetof control variables.In section4, | discussrecent
developmentsn causalgraphtheory pertinentto the discorery of the underlyingcausalstructure
andto the correctspecificationof control variables.Thesenew techniqueshouldgreatlyimprove

the quality of causalinference. | alsoshaw, in light of the causalgraph,how a modelaimedat
causainferencecanbefundamentallydifferentfrom oneaimedatforecasting/predi®n, adistinc-
tion notmadein thepolitical scienceempiricalliteratureanda sourceof deepconfusionandmodel
specificatiorerror.

Whenthe nodesof G denotethe variables,obsered or latent,in a statisticalmodel,andthe
edgegdenotdnput-outputrelations,G canrepresentomple functionalmappingssuchasin neural
networks. Neuralnetworks arecapableof approximatingarbitraryfunctionalforms,andareuseful
toolsfor the analysisof socialsciencedatafor which the underlyingdatageneratingunctionsare
usuallyunknavn andarelikely complex (Zeng 1999, 2000a;Beck, King, andZeng 2000, 2004;
King andZeng2001a.)In sectionb, | give suggestionsn the useof neuralnetworksin improving
statisticalmodelingof randomgraphsof relationaldata,andin improving causainferencewith the

increasinglypopularnon-parametri@pproachof propensityscorematching.

3 Modeling Structural Propertiesin International Relations Data

Structuralandsystem-lgel analysigs critical to the studyof internationakelations,especiallyin a
globalage(Waltz1979,Jame002,Russet003aand2003b).Thereis little theoreticadoubtthat
structurabropertieof theinternationakystencanholdimportantexplanatoryandpredictive powver
for thebehaior of individual nationstatesandstatedyads.Testingthetheorieswith empiricaldata,
however, hasbeenimpededby difficultiesin operationalizingmeasuringandmodelingstructural
and system-lgel characteristicsn a rigorousand systematicfashion. Quantitatve measureof
“systemstructure”are few andvary greatly from one studyto anotherin conceptualizatiorand
constructionandcapturingendogenouslependencstructuressystematicallyin statisticalmodels

haslargely eludedpreviousresearchers.



Graphicalmethodsand modelscanhelpimprove this situationin two ways: by providing un-
ambiguousprecisedefinitionsof anarrayof structuralcharacteristic®f the systemthat are easy
to measureandby allowing systematianodelingof endogenousdlependencstructuresn random
graphsrepresentingtatisticalrelationaldata.l discusghesepossibilitiesin the context of studying

internationalindcivil conflict,andreportinitial resultsfrom analyzingthe 1947-198MID data.

3.1 Measuring Structural Characteristics

Letthe N x N squarematrix X denoteagraphof theinternationahetwork, whereN is thenumber
of statesin the network, and X;; = 1 if thereis a given relation, or a tie, from country+ to j,
0 otherwise. Obviously, X;; = Xj; if the relationin questionis symmetric. When more than
onerelationis consideredwe have a multi-graph and X may denotea threedimensionalarray
X = [Xjjm] suchthat X;;,, = 1if thereis atypem relationfrom country: to j, wherem € R, the
setof relations? Graphcharacteristicarefunctionsof elementsof X.
Amongotherthings,graphtheoryprovidesideason measuringuchcharacteristicascentrality
the prestigeandprominenceof actors,andthe densityandcentralizatiortendencie®f the graphas
awhole;ondefiningcohesre subgroupsandon measuringhe equivalenceof actorsandgrouping
theminto blocks occupying differentroles and structuralpositionsin the network. Someof the
measuressuchas individual centrality are actorlevel measuresbut they measurepropertiesof
actorsnot asindependenunits but embeddedn the internationalnetwork. In this sensethey are
“structural’ measuresMost actorlevel variablesusedin conflict studies suchaslevelsandgrowth
ratesof nationaldemographi@ndeconomicdata,characteristicef political systemsandmilitary
capabilities,do not have this feature. Perhapghis is partly the reasonwhy thesevariableshave
not proved very usefulin explaining conflict (Russett2003a)® It is likely that what mattersis
the relative positionof a statein the internationalsystem,ratherthan attributesof the stateasan

independenéntity.

*Wherethereis no confusion,| omit the subscriptm for notationalsimplicity.
30Oneexceptionis “major power” status.But this is hardly a truly “explanatory”variable. It simply statesthata few

namedstatesaredifferentfrom therest.



3.1.1 Structural Characteristics

Degree and actor centrality: In aundirectedgraph,thedegreeof anodes is the numberof nodes
adjacento it: > °; X;; = >, Xji. In adigraph,the in-degree and out-dgree of a node: arethe
numbersf nodesadjacento andfrom it respectiely: 3°; X;; and}_; X;;. Foravaluedgraph,the
degreeis the averagevalueof the edgesncidentto the node. Degreesalsoprovide a basisfor one
typeof centiality measure_; X;; /N. An actorwith moretieswith otheractorsis moreactive and
morevisible

If therelationis conflictinvolvement,a countrywith a high degree/centralityis more conflict-
prone. If therelationis conflict initiation, thenout-degree/centralityreflectstendencie®f aggres-
sion andrisk taking behaior. A potentially useful indicator for conflict predictionthen can be
constructedas the averageof an actors centrality scores,for exampleaveragedover a specified
numberof years.

Appropriatecentralityscoresrom suchinternationahetworksastradeflows, culturalexchange,
diplomaticrelations military interventions,andconjointtreatyandinternationabrganizatiormem-
bershipscanbe used,togetherwith the usualnon-netvark embeddedtountrylevel data,in con-
structingmeasure®f national“power” a centralconceptin internationalrelationsthathaseluded
easymeasuremenBecausgower is a relative concept.a power index constructedisinginforma-
tion on therelatve importanceof a countryin theinternationakystemis moremeaningfulthanthe
usualmeasures.

In a similar fashion,centralityscorescanalsobe usedto refinethe measuremeruf othervari-
ablessuchas*“tradeopennessbr “openeconomy akey variableusedin thestudyof statefailures
(e.g.,King andZeng2001a).Thestandardneasuref tradeopennesss thecountrystotaltradeasa
percentagef its GDP. Thustwo countriescouldhave thesameopennesscoreeventhoughonemay
have only onetradingpartney andthe otherone hundred. The refinedscoreswvould meaningfully
differ in suchcases.

Degree/centralitymeasurearealsousefulin handlingspatialdependencelaving statessxpe-

4Centralitymeasureanalsobe constructedasedn otherconceptsuchasclosenesshetweennessindinformation

flow (WassermamandFaust1994,Bonacich1987).



riencingconflictsasneighboramayincreasehelik elihoodof conflictinvolvementdueto spill-over
effects,andhaving democratistatesasneighborseemso helppreventwars(Russet2003b;Gled-
itschandWard2000,2001).In their effort to modelthis effect, WardandGleditsch(N.D.) usetwo

new variablestheaveragdevel of democrag in proximatecountriesandthenumberof neighboring
countriesexperiencingconflict. Both arein factdegreemeasure# two graphsof theinternational
system.oneis a digraphwith the relation“neighboringa statein conflict] the othera valueddi-

graphof geographigroximity, the value of thelink beingthe democrag level of the neighboring
state.Thinking in termsof the graphsmmediatelysuggest®therpotentiallyusefulmeasuresuch

ascloseness-basaxtntralityscores.

Density and centralization: The densityof a graphis theratio of the numberof edgespresento
thetotalnumberof edgespossible:}”; ; X;;/N (N —1). For conflictdatait is ameasuref rareness
of events.The centralizatiorof agraphmeasurethe extentto which the systemis centralized One
measuref centralizations simply the varianceof the actorlevel degreesor centralityscores.This
recordsthe variability and spreadof actorlevel centralityscores.In a highly centralizedsystem,
someactorsaremuchmorecentralandimportantthanotherswho maybeviewedasresidingin the
peripheryof thesystem.Many othermeasuresf graphcentralizatiorarepossible(Wassermamnd
Faust,Chapter5.)

System-lgel characteristicplay animportantrole in explainingandforecastingconflictbeha-
ior (Buenode Mesquital975). The mostwidely usedmeasureof “structure” of the international
systemin existing studiessimply indicateswhetherthe systemis “bipolar” or “multi-polar,” thatis,
whethertherearetwo or more“greatpowers; astatusdesignatedo certaincountriesor clustersof
countries.Oneproblemof thismeasurés thatit is grossandinsensitve to finer featureof theinter
nationalsystem.Mostinternationakystemsn the modernerahase beenmulti-polar, with thecold
war erabeingbipolar Thereis alsolack of theoreticalconsensusn the operationalizatiorof “po-
larity” (Russet2003a). Making useof centralizationscoresrom pertinentinternationalnetworks
(suchasthoseconsideredn constructingneasuresf “power”) cangreatlyenrichthe measurement
of the centralizationstructureof the internationalsystem.Anotheradwantageof thesemeasuress

thatthey arealsodefinedfor ary subgraphsowe couldfor exampleconstructregional measures



of densityandcentralizatiorto testthe presencef ary regional effect. With cross-sectiondgime
seriesdatacommonlyusedin conflict studieswe canconstructmeasureshatvary over bothtime
andsubgroup®f stateshowever defined.

In a similar fashion,densitymeasure®n networks or subnetwarks of suchrelationsastrade,
co-membershim internationabrganizationsandneighboringademocraticstatecanprovide infor-
mative measuresat the systemlevel, of economidnterdependenceronth of internationalnorms
andinstitutions,anddegreeof democratizationCurrentmeasuresf thesethreekey suppressoref

violencearelargely restrictedto the dyadiclevel (RussettindOneal2001,Russet2003b).

Cohesive subgroups: Cohesie subgroupsanbe definedbasedon mutuality of ties, closenes®f
subgroupmembersfrequenyg of tiesamongmembersor thefrequeng of within-grouptiesrelative
to between-groupies (Wassermarmnd Faust1994,Chapter7). For example,cliquesarecohesie
subgroupsn the senseof having completemutuality of ties amonggroup members. Different
definitionscapturedifferentspecificpropertiesof cohesie subgroups. usea definition basedon
nodaldegrees.or frequeng of tiesamongmembersto fix ideas.Specifically cohesie subgroups
aredefinedask-coresof thegraph.A k-coreis asubgraphin which eachnodeis adjacento atleast
k othernodesin the subgraphTheappropriatevalueof £ depend®n the substantie context.
Cohesie subgroupsn the network of treatyco-membershigor example have directrelevance
to the studyof coalitionformationandallianceconfigurationin the internationalsystem.The sub-
stantve meaningof cohesie subgroupsn other pertinentnetworks suchastradingis similarly
clear Identificationof cohesie subgroupss usefulin seseralways. It candistinguishactorswho
belongto the samecohesie subsetandthosewho do not. Nationsin the samecoalition areless
likely to fight with eachother It allows further comparisorof frequeng of ties amongdifferent
subgroupdo seewhich subgroupsare morelikely to seetheir memberdnteract. It allows com-
parisonof attributesof statesin differentcohesie subgroupgo seehow the groupsdiffer. And
finally, it canfosterstructuralknowledgeof the whole network: if the cohesie groupsarelargely
overlappingandcontainmostof the actors the network is morecohesie, otherwisethe network is

morefragmented.

Roles and subgroup positions: Anotherapproacto groupingactorsin a network is accordingto

10



therolesthey play andpositionsthey occupy in the network. Actorsin differentpositionshave dif-
ferentpatternsof tieswith otheractors.Thosein the samepositionsare“equivalent” in somesense.
Onedefinitionof “equivalence”is structual equivalenceTwo actors; and; arestructurallyequi-
alentif they have identicaltiesto andfrom all otheractorson all relationsunderconsiderationthat
iS, Xikr = Xjir and Xy, = Xy, for ary k in thenodesetandary r in therelationset.In practice
it is unlikely to obsere exactly equvalentactors,but we canseekto measurehe degreeto which
they approachequvalenceby comparingthe similarity of the entriesin X for the two actors.The
comparisorns usuallybasedn measuresf eithercorrelationor distance Oncepairwisesimilarity
measureareobtainedthey canbeusedto partitiontheactorsinto groups/positionandto construct
spatialrepresentationsf their structuralequivalence usingstandarddataanalysistechniquesuch
ashierarchicalclusteringand multidimensionakcaling. Oncepositionsareidentified, patternsof
within andbetweengroupties canbe examined. A densitytable for examplecanbe constructed,
which haspositionsasits rows andcolumns,with valuesin the tablerecordingthe proportionsof
tiesthat are presentfrom actorsin the row positionto actorsin the columnposition(e.g., Sryder
andKick 1979).

In aninfluential paperstudyingthe structuralpropertiesof the internationalsystem Buenode
Mesquita(1975) proposesa correlationtype measurey,, of allianceportfolio similarity anduses
the measureo group statesinto “poles’ He thenteststhe impactof suchfactorsas numberof
poles tightnesof poles,andpower distribution amongpoleson amountof war. “7,” hassincebeen
widely usedin the internationalrelationsliterature. RecentlySignorinoandRitter (1999)discuss
the problemsof this measureand proposean alternatve measure'S” basedon distances.lt is
easyto seethatr, and S arein factmeasure®f structuralequivalencein the graphof the alliance
network. Castingtheminto this standardrameavork immediatelymalkesavailableawhole arrayof
otherrelevantconceptsandtechniquesievelopedwhich may prove productve for the studyof the
internationabystem.For example alternatve measuresouldbeconstructedisingotherdefinitions
of “equivalencé€’, suchasregularequvalenceandlocal role equvalence(seeWassermamndFaust
1994, Chapterl2 for an overview). Patternsof interactionsamongthe polescanbe studiedusing

thedensitytable,anda variablereflectingblock effectscanbe constructedisingthe densities This

11



variablemay have significantexplanatory/preditive power in the analysisof dyadicconflict data.

3.2 Modeing Endogenous Dependence Structure

Ideasdiscusse@bove leadto theidentificationandmeasuremertf potentiallyimportantexplana-
tory variablegeflectingstructuralpropertieof theinternationakystem.l now turnto the statistical
modelingof endogenoudependencstructuresn obseredrelationaldata.Interdependencamong
actorsandactionsin internationakelationsis widely recognizede.g.,BeckandTucker 1996,Beck
etal. 1998, Signorino1999, Beck andKatz 2001, Greenet al. 2001, Gleditschand Ward 2000,
King 2001,0nealandRusset001,RussetP003aand2003b,WardandGleditschn.d.) Therecent
symposiumin InternationalOrganization(2001,55(2)) is largely centeredbn this issue. As King

(2001)explains,for the prominentcaseof dyadicconflictdata:

“Unlik e, say simplerandomsuney sampling,dyadicobserationsin international
conflictdatahave complex dependencstructue. In asuney, obserations1 and?2 are
two peoplewho almostsurelyhave never metandhave no relationship.In contrastin
dyadicdata,obseration1 maybeU.S.-Irag;obseration 2, U.S.-lIran;andobsenration
3, Irag-Iran.thedependencamongtheseseparat@bserationsis complicatedcentral
to our theoriesabouttheinternationakystemcritical for our methodologicahnalysis,

andignoredby mostpreviousresearchers(p.498)

In concludingthe paper he points out that “an approachthat extractsthe mostinformation will
likely be onethatdirectly modelsthe uniquestructureof dyadicdata. Unfortunately no off-the-
shelfmodelis availablefor thesedata” (p.506)

Fortunatelyrecendevelopmentsn modelsfor randomgraphsprovide usefultoolsfor modeling
suchcomplex dependencstructurein relationaldata(Frankand Straussl986, Straussand lkeda
1990, Wassermarand Pattison 1996, Andersonet al. 1999, Wassermarand Pattison2000.) A
randomgraphis a graphwith randomedges,so that eachelementin X is a randomvariable®

Obseneddyadicconflictdatacanbeviewedasrealizationsof theunderlyingrandomgraph.Denote

STherandomnessf a graphcanalsoextendsto the nodeset,but | do not considetthis caseasit is largely irrelevant

for internationakelationsdata.
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by z = [z;;] arealizationof thegraphX. Dependenceamongelementf X meanthat Pr(X =
z) # [l;z; Pr(Xi; = zi;). However, this conditionis rarely recognizedn empiricalmodelsof
internationalconflict. The mostwidely usedstandardogit model,for example,implicitly assumes
independence.e., Pr(X = z) = [[;,; Pr(Xi; = zij).

Sowe needinsteada generalexpressiorfor Pr(X = z) thatallows ary dependencstructure
amongtheelementf X, i.e.,thedyads® A classof randomgraphmodels knowvn as“p*” models
in the socialnetworksliterature,postulates generalog-linearmodel:

exp(60'z(x))

Pr(X =z)= 0)

(1)

wherez(z) is avectorof network statisticghatarefunctionsof elementf z, § thevectorof model
parametersandc(#) anormalizationconstanthatensureghatthe probability distribution sumsto
1.7 Notethatz(x) cancontainany network characteristicend hencethe model allows general
patternof interdependencamongelementof X, or thedyads.

The choiceof z(z) is guidedby substantie theoryaboutthe structureof the interdependence
amongdyads,andis greatlyfacilitatedby the useof the dependencgraph D, that depictsthis
dependencstructure andthe Hammesley-Clifford theoem(Besagel 974;FrankandStraus<.986)
thatidentifiesthe sufiicient network statisticsbasedon the dependencegraph. In the dependence
graph,all possibledyadsconstitutethe nodeset,andthereis a tie betweentwo dyadsif they are
conditionallydependengiven the remainingdyads. Differentpatternsof interdependencamong
the dyadsleadto differentconnectionpatternsin the dependencgraph. For example,if all pairs
of dyadsare conditionally independentthe dependencgraphwould be empty and have no ties.
If therelationis directed(suchas conflict initiation), dyadicindependencevould meanthat only
dyadssharingthe sametwo membersare conditionallydependent.The mostcommonlyassumed
dependencstructureis Markov dependencgein which dyadssharingat leastone member(i.e.,

“incidentedges’in the original graph)areconditionallydependentSo, for example,U.S.-Iragand

5| considera single binary relation here. Extensionsto multiple relationsand valuedrelationsare straightforvard

(e.g.,Robins,etal. 1999;PattisonandWassermari999).
7 As written model(1) doesnotinvolve variablesexogenougo the network, suchasdyadattributesandstatisticsfrom

networks of otherrelations but thesecanbe usedalongwith z(z). | omit themfor notationalsimplicity.
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U.S.-Iranwould beconditionallydependentswould beU.S.-Iragandlrag-lran,andU.S.-Iranand
Irag-Iran.

The Hammerslg-Clifford theoremstateshat cliques(single nodesor completesubgraphspf
thedependencgrapharethesuficientsubgaphsfor therepresentationf Pr(X = x), sothatz(z)
only needdo containindicatorsof thesecliques. For example,whenthereis dyadicindependence
in anundirectedgraphandhencethedependencgraphis empty the cliquesof D arejustits single
nodeswhich aresingledyadsin theoriginalgraphG. For Markov dependencaet is easyto seethat
thecliquesof D arejustthetrianglesandk-stass, k = 1,2,..., N — 1, of G. A triangleT;;; is the
setof thethreeedges(i, jk, ki). For example,U.S.-Iraq,Irag-Iran,andlran-U.S.form atriangle.
A k-starS;;,..q, is thesetof k edges(ipi1, igie, - - -, t0ix). FOr example,U.S.-Iragis a 1-star and
U.S.-lragandU.S.-Iranform a 2-star Assuminghomaeneityin the sensehatisomorphicgraphs
have the sameprobability® the theoremtells us that the pertinentnetwork statisticsin a dyadic
independennhetwork arejust the numberof dyads(so z(x) hasonly one element). In a Markov
dependenceetwork, they arejust the numberof trianglesand k-stars’) so z(z) hasN elements.
No tetradsor othermorecomplicatedsubgraphsreneeded For the internationalconflict network
high order starsare unlikely and mary of the N — 1 termson the starswill be irrelevant. For
example,a simplemodelcapturingboth transitvity andclusteringcanincludejust the numberof
trianglesandthe numberof 1-starsand2-stars.This not only greatlysimplifiesthe modelbut also
eliminatesthe problemof numberof parameterincreasingwith data,which leadsto inconsisteng
of estimatecharameters.

Having identified the elementsin z(z), | now turn to the estimationof model (1). Standard
likelihoodtechniquesredifficult to applydueto the presencef the normalizationterm. However,

pseudo-liklihoodapproachebasedn conditionalprobabilitiesareeasyto implement(Straussand

8This meansthat nodesof G area priori indistinguishableso that only the structureof G, and not the labeling of
its nodes,mattersto Pr(G). In the studyof internationalconflict, this assumeshat after taking into consideratiorof
dependencstructuresandall otherrelevantactor dyadandgloballevel variables,countrynamesper sedo not contain

informationaboutthe probability of conflict.
91t is intuitively appealingto replace,throughre-parameterizatioand without loss of information, the numberof

k-starswith thenumberof nodesin G thatareof degreek (FrankandStraussl986,p.836.)
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lkeda(1990)!% DenoteX;’; thegraphwith theedgei; forcedto bepresentX;: thegraphwith the
edge:;j forcedto be absentandXC thegraphwith theedgeij “missing”. We have:

Pr(X;5)

Pr(X;5) + Pr(X;;)
exp(@'z(x;"j))
exp(0'z(x7;)) + exp(0'z(z7;))
1

T Ttexp(—0'(z(zf) — 2(a7))) @

Pr(X;; = 1|Xg) =

Pr(X;) _ exp(¢'2(z75))
Pr(X.5) + Pr(X;)  exp(6'z(x;))) + exp(0'z(;)

1
o1+ exp(—el(z(xlf"j) — z(w:]))) )

Expression(3) is identicalto a logit model probability with z(z ]) z(z;;) = 6(zij) asthe

Pr(X; =1|1X; )

explanatoryvariables. §(z;;) is constructedasthe differencein network statisticswhenthe edge
ij changedrom absentto present(for example,the differencein the numberof triangleswhen
dyadij changedrom peacefulrelationto conflict involvement.) Straussand Ikeda(1990) shav
thatestimatingsuchalogit modelfor (asif) independent;;’s throughmaximumlikelihoodgives
identicalparameterso maximizingthe pseudo-lilkelihoodfunction:

= [ Pr(Xi; = 11X5)" Pr(X;; = 0]X) ) (4)

i£]

This resultmakes the model extremely easyto estimateaslogit routinesare widely availablein
statisticalpackagesWe only needto addthe network statisticsé(z;;) capturingstructuraldepen-
denceto theusuallist of explanatoryvariablesn existing logit models.Interpretatiorof estimation
resultsis intuitive. For example,a large positve parametepf the 2-starindicatorwould meanthat
atie betweera dyadis morelikely to be presentjf its presencéncreaseshe numberof 2-starsin

the network. In otherwords, network configurationswith 2-starpatternsaremorelikely to occur

10This approactis similar in spirit to the useof conditionalprobabilitiesin the estimationof, for example,the Cox
proportionalhazardmodel, the fixed effect logit model, and auto-logisticmodels. In eachcaseintractabletermsare

eliminatedthroughthe conditioning.
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The statisticaltestof the parameteis usuallybasedon the comparisorof the likelihoodswith and

without the parametefe.g.,WassermaandPattison1996) !

3.3 Empirical Results

In this section,| apply someof theideadiscussedbove to the analysisof militarizedinternational
dispute(MID) data takingthelogit modelusedin Beck,King andZeng(2000)asthe“standardog-
it” modelfor comparisort? Thedatacontain23,529interstatedyad-yeardetweerl947and1989,
with 976 (4.1%)of thecasedeingMIDs (codedl.) Theexplanatoryvariablesusedin BKZ (2000)
include“Contiguity” (whetherthetwo memberf the dyadaregeographicallycontiguous);Ally”
(whetherthey areallies),“Similarity” (degreeof similarity in the dyads foreign policy portfolios),
“Asymmetry”(thedegreeof balanceof of powerwithin thedyad),"Dema” and“Demb” (thedegree
of democratizatiorof the dyad),and“PeaceYears”(the numberof yearssincethe last conflictin
thedyad). The“standardogit” modelin table 1 useshis samesetof explanatoryvariablesgxcept
that for the democrag variables,| usethe minimum of the two (“min-dem”) insteadof entering
both,a practicethatis commonin theliteratureandthat,in thelinearlogit model,makesbetteruse
of theinformationcontainedn thedemocrag variables:?

| first testthe conjecturehatpropertiesof individual states/dyadembeddedh theinternational
network, in additionto attributesof themasindependengntities,areimportantfactorsin explaining
andpredictingconflict behaior. In particular | examinehow pastconflict tendencie®f the dyad
asmemberf theinternationacommunityinfluencethe currentconflict behaior within thedyad.
I measureconflict tendeng of a countryin the pastby the degree of the countryin the conflict
graphfor theinternationahetwork, averagedover the pastyears.Thus,for adyadin year1980,for

example the“past”is upto 1979,andthedegreemeasurefor yearsupto 1979areaveragedo give

1| notethatstatisticalpropertiedor themaximumpseudo-liklihoodestimatorsarelesswell studiedthanthe standard
maximumlik elihood estimators. Alternatively we can, at a much higher computationalkost, employ Markov Chain

Monte Carlomethodso simulatethe network over the spaceof all possiblegraphg(e.g.,Handcock2000).
21n this initial analysisl emplgy the logit modelasthe first cut, assumingnearlylinear effects of variables. Future

work canusemorerefinedmodelssuchasneuralnetworksthataccommodateomple functionalforms.
13BKZ (2000)s focusis on neuralnetwork models for which it is betterto usethe two original variablesandlet the

neuralnetwork to “discover” thetrue functionalform.
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the measuref conflicttendeng in the past. This measurdakesmissingvaluesfor obserationsin
thefirst year 1947,0f the dataset,with aresultingvalid obserationsof 23255cases.

The resultsof addingthe minimum of the two pastconflict tendeng measuredor the dyad
(“Min-Conf”) to the“standardogit” modelarefoundin table 1, in thetwo columnsto theright of
“standardogit” model. This“Min-Conf” variablehasapositive coeficientthatis highly significant,
andits additionto themodelincreaseshelog-likelihoodat corvergencefrom -3178.650 -3066.48.
In-sampletest statisticscan be unreliable,however, sinceit could be a resultof overfitting. To
confirmthatthe new measureeally addsto the explanatoryand predictive power of the model, |
randomlysplit thedatainto two sets,onecontainingabout80%of theoriginal data,usedto estimate
the models,and the other about20%, usedto checkout-of-sampleperformance. To compare
performancel usethe ROC curwe areaasin Beck,King, andZeng(2004). And asin BKZ (2004),
| alsoestimatea modelwith only the“PeaceYear”variable foundin table 1 in thetwo columnsto
theleft of “standardogit” model,to sene asthe baseandto put the comparisorin contect. As the
tableshaws, the standardogit model,by addingall the variablesnot in the basemodel,improves
the ROC areaon out-of-sampldestdataby .008;addingthe pastconflicttendeng variabledoubles
thisimprovementto .017.

Figure 2 plotsthemainal effectsof severalvariabledrom thisimprovedmodel.In eachgraph,
theplot shavs the probability of conflictasafunctionof oneexplanatoryvariable holdingconstant
all the othersat valuesthat give a relatively high ex ante probability of conflict!* Contiguity
Democrayg, and Peace-¥arsare amongthe variablethat are shavn to have the largestand most
stableeffectsin the existing literature,but Figure 2 revealsthatnoneof themhasanimpactnearly
comparableo thatof the new conflicttendeng variable. While the standardsariablescanchange
theprobability of conflict by at mostabout20%asthey vary over therangeof their possiblevalues,
the new variablecanleadto anincreasen the probability of conflict from belov 20% to closeto
90%asit movesfrom its minimumvalue(0) to the highest(about4) obseredin thedata.

| now turn to the testof the conjecturethat thereis Markov dependencan the graphof inter

14BKZ (2000)shaws that the effects of variablesare larger and more stablewhenthe ex anteprobability of war is
higher Asin BKZ (2000),I setthevaluesof thevariablesatthe medianof eachexplanatoryvariableamongobsenations

withY = 1.

17



Tablel: Modelsof InternationalConflict

PY.-Base Standard_ogit +PastDegree | +Network Stats
Variables Coef P-value| Coef P-value| Coef P-value| Coef P-value
Peacerears -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
D1istar — — — — — — -.675 0.000
D2star — — — — — — -.903 0.000
D3star — — — — — — -.910 0.000
D4star — — — — — — -.434  0.002
Db5star — — — — — — -.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
ROC gainoverbase 0 .008 .017 .033
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Figure2: Marginal effectsof input variablesin the MID model.
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nationalconflict, so thatdyadssharinga commonmemberare conditionallydependentFromthe
discussiorin section 3, we seethatwith Markov dependenceshangesn the numberof triangles
andk-starsarerelevantgraphstatisticshatenterthe pseuddik elihoodfunctionof conditionalprob-
abilities. Sincethe meaningof transitvity in a conflict relationis uncleay | focuson the k-starsin

thetest.

Thelasttwo columnsin table 1 reportthe estimationresultswith the k-starchangestatistics
addedto the model. Thefirst five star statisticshave negative and highly significantcoeficients.
The nggative signsmeanthatgraphswith lessclusteringaremorelikely to realize,andthathigher
orderclusteringis lesslikely thanlower level clusteringto occur This appearsonsistenwith the
data,which seessery rareevents,andevenrarerarecasesvhereonecountryis involvedin multiple
conflictsatthesametime.

To confirmthe resultswith out-of-sampldestdata,l estimatethe modelwith the 80% subset,
andexaminegeneralizatiotio the20%testset. Thenetwork statisticcapturingMarkov dependence
structuremprovetheROC areaoverthebasemodelby .033,four timesasmuchasthestandardogit
modelimprovesover the basemodel. This is clearevidencethatthe assumptiorof independence

amongdyadsimplicit in standardnodelsis incorrect.

4 Causal Structure and Causal Inference with Observational Data

Causalinferenceis a centralgoal of empiricalpolitical scienceandthe othersocialsciences.The
vastmajority of empiricalwork explicitly or implicitly involves clarifying causalrelationshipsa-
monga setof variablesof interestand assessinghe causaleffects of onesetof variableson an-
other While randomizedexperimentsareideally suitedfor the purposeof causalinference social
experimentsare costly and subjectto variousconstraintgsuchasnoncomplianceissuesof inter-
nal/external validity, ethical considerationsetc.) that make them difficult or infeasiblein mary
cases.Empirical researcherbave thereforelargely relied uponnon-experimentaldataandon the
toolsof probabilitytheoryandstatisticalinference.The languageof probability calculus,however,
is not designedor handlingcausality but ratherstatisticalassociation.This inherentdifficulty is

responsibldor the blurring of the causaland statisticalfoundationsof empirical studiesand for
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a variety of relatedpracticalissues rangingfrom an unambiguousiefinition/notationfor “causal
effects” to the accuratddentificationof control variables(or “covariates”,or “confounders”)to be
measure@ndadjustedn estimatingcausalkeffects.

To assesshe effectsof a variablez on anothervariabley using obserational data,the most
commonpracticein political sciencgandmuchof the othersocialsciences)s to estimatea regres-
siontype model(suchasalogit or probit modelwheny is binary)with y asthedependentariable,
andz andsomeother“control variables, denoted:, asindependenvariables.In theory thecontrol
variablesarechoseno eliminateconfoundingof the relationshipbetweenr andy to ensureunbi-
asedestimation.In practiceunbiasednessonditionsfrom standardstatistical/economaetr theories
aredifficult or impossibleto check!® andoften z's arechosersimply becauseubstantie theories
indicatethatthey may directly or indirectly have somecausaleffectson y. After estimation,the
maiginal effectsof z ony, i.e.,thechangean y following a changen = computedrom the model,
with all otherindependenvariablestaking certainfixed values,are ofteninterpretedasthe causal
effectsof z ony.

Confusionreignsin this practice.First, differentscholarstudyingthe causakffectsof thesame
x on the samey typically usedifferentsetsof control variables,guidedby even slightly different
substantie theoriesaboutwhat othervariablesmay affect y. As Pearl(1997a)obseres,“whether
an adjustmentfor a given covariate z is appropriatein ary given study continuesto be decided
informally, on a case-by-casbasis,with the decisionrestingon folklore andintuition ratherthan
on hardmathematics. This practicein turn hasled notonly to changesn magnitudebut ofteneven
to reversalof signsin estimatedkey relationshipsacrosdifferentstudies a phenomenoknowvn as
Simpsors Paradox This makesfinding the“right” setof controlvariablesthe“Achilles heelof all
socialsciencenferencebecausat is sovery hardto do” (Brady 2002,p.1). Secondjt is not clear
whetherthe mamginal effectsareindeedmeasuresf causalkffects,sinceit is not clearwhetherthe

changesn z areobservedwhich couldbearesultof  beingdeterminedy its own causespr are

5 Theseconditionsarepartof the“specificationassumptionsin econometricsvhich specifythatz andtheerrorterms
areindependengiventhe othercontrolvariables.In statisticsthey arecalled“conditionalindependencetonditions,or
“strongignorability” conditionsin the potentialresponsdramevork (RosenbaunandRubin1983). Theseconditionsdo

not provide aworking testfor thevalidationof controlvariableselectionthusessentiallyremainassumptions
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theresultsof externalinterventionson z. Thetwo arenotonly qualitatvely differentbut candiffer
greatlyin quantityaswell. Similarly, it is not clearwhetherthe control variablesare observedo
take the specifiedvalues,or arecontmwlled in the senseof intervention. This problemis particularly
obviousin multiple equationmodels,wherez canbe literally endogenousThird, do the mamginal
effects of the control variablesz on y, which canbe computedjust the sameway asthat for z,
measurehe causaleffectsof z on y? In otherwords, canthe samemodelbe usedto infer about
morethanonecausalelationship?t typically is, eventhoughif theissueis raisedexplicitly most
scholarswould be intuitively wary. The commonpracticeof controlling for all potentialcauses
of y, however, doesnot mathematicallydifferentiatebetweerthe key causalvariable(s)z andthe
“controls”. Finally, amodelfor causalinferenceis often usedfor the purposeof forecastingy as
well (or viceversa) butis acausamodel(evenif anoptimalone)necessarilyanoptimalforecasting
model, and vice versa? Intuitively the answeris no, sincefor the purposeof forecastingy, one
would wantto includeall directcause®f y, a conditiondifferentfrom controllingfor variableshat
eliminateconfoundingof therelationshipbetweenz andy for the purposeof causainference But
without effective toolsfor identifying the latter, the commonpracticeagainconfuseghetwo.
Fortunatelyrecentdevelopmentsn causalgraphtheoryexemplifiedby Pearl(2000)andSpirtes
etal. (2000)shedlight on theseandrelatedissues.Thatwork providesa new languageanda set
of new tools naturally suitedto causalinference,and promiseso make possiblethe leap“from a
centuryof statisticsto anageof causation”(Pearl1997a).In this section,| distill someof the key
aspect®f this developmenthathave immediaterelevancefor empiricalpolitical andsocialscience
researchn generalandthe studyof international/aiil conflictin particular laying the theoretical
foundationfor empiricalwork that appliestheseideas. Specifically | discussthe theoreticalpos-
sibility of causalinferencebasedon obserational data(Section4.1); the causalgraph(or causal
diagram)thatallows the explication of qualitatve causalassumptionghe determinatiorof control
variables,andthe assessmertf the suficiencey of measurediariablesfor consistenestimationof
specifiedcausakeffects(Section4.2); andwaysof learningaboutthe underlyingcausalgraphfrom
obsered data(Section4.3). | fix ideasusingthe exampleof the causaleffectsof regime type on

militarizedinternationalkonflict, atopic centralto the literatureon democratiqgeace.
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4.1 Causal Inferencewith Observational Data

Unlike an associationaimodel,which is essentiallyrepresentedby a joint probability distribution
thattells ushow probablevariouseventsareandhow the probabilitieswould changeconditioning
on the observationof someof the variablesin the system,a causalmodelalsotells us how these
probabilitieswould changeas a resultof external interventionin the system. A simple example
illustratesthe differenceshetweenthe two: the probability of it having rainedif we seethe grass
wet is clearly differentfrom the probability of rain if we male the grasswet usingthe sprinkler
the latter is of coursethe unconditionalprobability of it having rained. Applying the standard
probability calculus,P(rain|see(wet)) = P(rain|wet) = W = P(rain) %, a
quantitydifferentfrom P(rain|do(wet)) = P(rain). (Pearl2000).

In causalinferencewhat we are really interestedn is not quantitiesin the form of P(y|z),
but P(y|do(x)), sincethelatterwould allow usto infer the consequencesf, for example,a policy
intervention(suchaschangingheregimetype of a state) insteadof passiely observinghow things
happenof their own accord. What obserational datanaturally supply us, however, are of course
in the form of the former, which explainswhy it seemsso hard or evenimpossibleto make true
causalinferenceausingobsenrationaldata. Oneimportantcontrilution of the new causatheoryis
to shav that, undercertaineasilyidentifiableconditions,true causalinferenceusingobsenrational
datais in factpossiblethatis, P(y|do(z)) typeof quantitiescanbeexpressedn termsof obserable
quantitiesof the P(y|z) type.

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

accordingto the chainrule of probability calculus.Assumethe systemunderstudyhasn variables

(or setsof variables)denotedz;, i = 1,2,...,n. We canwrite
P(z1,22,...,2,) = P(z1)P(z2|z1)P(z3|z1,22) ... P(zp|T1,22,...,Tn 1)
= HP(.’IIj‘.Z’l,.’L'Q,...,.’L‘j_l) (5)
J
Sinceary given z; may be independenfrom someof the variablesin the setzy,zs,...,z;_1,
denotepa; theminimal subseof =1, z2, ..., z;_1 suchthat P(z;|z1, 2, ..., zj—1) = P(zj|pa;),
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we canrewrite (5) as:

P(z1,x9,..7,) = HP(xj\paj) (6)
J
wherepa; arecalledthe “Markovian parents’of z;. Expression6) holdsfor any orderingof the

z's,in particularanorderingthatis causa) sothatpa; denoteshesetof directcause®f :cj.16 Since
this orderingis mostnatural,andmostmeaningfulfor causainference assumehat(6) is basedon
suchan ordering. This decompositiorhasa one-to-onecorrespondencwith a causalBayesian
network representetby a DAG in which z’s arethe nodes,andthereis a directedlink from z; to
z; if z; is apossibledirectcauseof z;, i.e., z; € pa;. For example,assuminghe DAG in figure
1 represents causalBayesiannetwork, thenv; is the parentof the othervariables,andthe joint
probabilityof thesystenmcanbeexpresse@dsP (vy, va, v3,v4) = P(v1)P(va|v1) P (vs|v1) P (vs|v1).
We call the DAG representing causaBayesiametwork a causalgraph (or acausaldiagram).

How doesthis decompositiorhelpusto seethatcausainferences possiblefrom obserational
data? In otherwords, how can P(y|do(z)) type of quantitiesbe expressedn termsof the usual
joint or conditional probabilitiesthat are obsenable? The answeris simpleif we realizethatan
intervention,saydo(z; = z}), meanghatthe causaimechanismeadingfrom pa; to z; is removed
throughexternal control, so that in the causalgraphthe links from pa; to z; are removed, and
P(z; = z}|pa;) = 1 andP(z; = z¥|pa;) = 0 V¥ # z}. Thus,from (6) we have:

P(z1,z2,...,25|do(z; = z7)) = HP(xj|paj)
J#
= P(x1,%2,-...,z,)/P(z]|pa;); for z; =z} @)

andfor all othervaluesof z; thejoint probabilityis 0. Applying conditionalprobability operations,
(7) is equivalentto:

*

P(‘/Ela'IZa s ,.Tn|d0(.77i = ‘xz)) = P(mla:p?a"' a$n|$:’paz)P(paZ)7 for Z; = $;k (8)

which in turn leadsto the expressiorfor causaleffectsof z; on a subsef variablesin the system
thatarenotin pa;, callit y:
P(y|do(w; = z})) = Y P(y, pai|=},pa;) P(pa,) = > P(yl|z}, pa;) P(pa;) €)

pa; pa;
16This reflectsthe notion of Markovian causalityin the sensehatconditioningon the directcausesendersa variable

independenfrom all its non-descendants.
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by summing(8) over all othervariablesn thesystenthatarenoty. Expression§7)-(9) areremark-
ablein thatthey establishthe link betweenquantitiesthat are causal(left handside),andthatare
obserable,involving no “do” operationgright handside). From (9), we alsoseewhenthe causal
effectsareidentifiablefrom obserationaldata,andhow: if we obsere all the directcausef z;,
pa;, thenthe causakffectsof z; ony canbeobtainedust by adjustingfor pa;.'”

Of course(9) requiresthatwe canidentify andmeasurall thedirectcause®f x;, anassump-
tion thatmaynotbemetin practice.Fortunatelythereareconditionsunderwhich the causakffects
canbe obtainedeven when somevariablesin pa; are not measuredwhenadjustingfor a differ-
entsetof covariates(or control variables)would be sufiicient. Moreover, simplegraphicalcriteria
would allow usto identify suchcontrolvariables(or the needto measurghem,if they arelatent). |

discusghis below.

4.2 Causal Graphsand Covariate Selection

The graphicalcriteria can be appliedwhen the causalgraphis known, which | assumehere. |
discussinferenceon the causalgraphitself later An exampleof a morecomple causalgraphis
shawvn in figure 3, wherethe nodesdenotevariablesor setsof variables,andthe directededges
denotethe possibleflow of causationwith a missinglink betweenary two nodesencodingthe
assumptiorthat the two are causallyunrelated.A causalgraphis assumedo be completein the
sensehat all commoncause®f specifiedvariablesareincludedin the graph,andthatall causal
relationsamongthespecifiedvariablesareincluded(e..g,theabsencef anedgefrom z; to z3 isan
accurataepresentatioonly if z; doesnot causezs.) A completecausalgraphdoesnot, however,
needto includeall cause®f all specifiedvariablesor to noteall intermediatevariableson a causal
pathway. And a causalgraphcanhave latentor unmeasuredodes which are usuallydenotedoy
emptycircles.As aconcreteexample,consideithe causaktructurethatthis graphmayrepresentor
a setof key variablesmostfrequentlyusedin empiricalstudiesof internationalconflict andin the
testof thedemocratigpeaceheory: militarizedinternationakonflict (y), regimetype(z), economic

conditions(z), trade(zs), geographigroximity (z3), anda setof othervariablesthatmay have a

17\We alsoseethat, if conditioningon z;, y is independentrom pa;, thenadjustmenfor pa; would be unnecessary

andP(y|do(z; = x7)) = P(y|x]).
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Figure3: A DAG representingcausalstructue

causakelationshipwith conflict, suchasbalanceof power andinternationakreatyandorganization
co-membershifz,) (e.g.,OnealandRussettl999,Beck,King, andZeng2000,GleditschandWard
2000,Russet003b).Whetherthis structures compatiblewith obsered datais anissuel will turn

to later when| discussthe searchfor causalstructuresusing empirical data. Herel assumehe
graphis an accuraterepresentatiomf the causalstructure,anduseit to illustrate the application
of one of the mostusefulgraphicalcriteriain finding control variables. The substantie interest
hereis to assesshe causakffectsof regimetype () onthe probability of internationakconflict (y).

Withoutapplyingsuchcriteria,standardgracticesimply controlsfor all the z variablesn thegraph.

Beforestatingthe graphicaltool, we needto introducethe notion of “d-separation’or “block-
ing”, in adirectedgraph.If z, y, andz arethreedisjoint setsof nodesn adigraph,thenz is saidto
d-separate: from y if andonly if every pathfrom ary nodein z to ary nodein y is blocked by z.
A pathis blockedby z if andonlyif: 1. thepathcontainsachaini — m — j oraforki < m — j
suchthatm isin z, or 2. the pathcontainsaninvertedfork ¢ — m <« j suchthat neitherthe
middle nodem nor ary of its descendants in z. It is intuitive to seethatif z d-separates from
y, thenz is independentf y conditioningon z. This is so sincein a causalgraph,conditioning
onthemiddlenodein achainor afork blocksthe causainformationflow, while conditioningon a
common“child” (or its descendantsenderghe“parents”’dependent.

Thetheoremof badk-dooradjustmentPearl2000,p.79)tells usthatthe (total) causaleffect of
z ony is identifiableif thereexistsasetof nodes: thatsatisfiegshe socalled“back-doorcriterion;
sothatthatnonodein z is adescendantf z andthatz blocksevery pathbetweeranodein x anda

nodein y thatcontainsanarrow into z (i.e., enterse throughthe “back-door”). The causalkffectis
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obtainedby adjustingfor z (suchasusingz as“control variables”in aregressiormodel,or through
directadjustmentn non-parametrienatching).

The intuition behindthe theoremis that when z blocksall back-doorpathsfrom z to y, the
“front-door” pathsleadingfrom z to y becomethe only channelshroughwhich the effect of =
to y manifeststherebyeliminating confoundingof the relationshipby variableslying on a back-
door path (suchas spuriouscorrelationdueto a commoncause).And conditioningon suchz, x
would be effectively like “root nodes”so that thereis no differencebetweendo(z) and see(x),
thuspermittingtheleapfrom obserationaldata(informationfrom “seeing”) to inferenceon causal
effect (whatresultsfrom “doing.’)

Whethera givensetof nodesz satisfiegsheback-doorcriterioncanbeeasilyreadoff the causal
graph,sothecriterion providesaworking testof the suficiency of z ascontrolvariables. Applying
thebackdoorcriterionto figure 3, it is easyto verify thatarny setof nodegexcludingz andy) that
containseither{z;, z2} or {22, 23} satisfiesthe back-doorcriterion and could be usedas control
variables. Thereare 4 back-doorpathsfrom x to y: zz120y, T22y, 2023y, andxz1z223y. The
direct commoncauseof x andy, zo, could block the first three,andthe fourth is blocked only if
eitherz; or z3 is controlled.

Fromthis example,we canlearna seriesof lessonssomeof which directly addresghe confu-

sionin standardracticediscusseearlier:

(1) More thanone setof nodesmay satisfy the back door criterion, hencedifferentresearchers
usingdifferentsetsof controlvariablesin assessinghe samecausaleffect couldall beright atthe
sametime—provided eachof the control variablesetis “right” in the senseof allowing consistent

estimationof the causalkeffect (by satisfyingthe graphicalcriterion, for example).

(2) However, not all workablesetsof control variablesare optimal, andwe shouldchoosewhatis
optimal, suchasonethat minimizesdatacollectioncostsand/ormaximizesqguality of data. In the
example ary setlargerthan{zi, zo } or {z2, z3 } would besuboptimalin thatwe would beusingtoo
mary controlvariablesjncurringunnecessargostsof datacollection(if someof thevariableswvere
not alreadymeasured)risking more dataquality problems,andsacrificingefficiengy by usingtoo

mary parameteri estimationgtc. Betweenthetwo minimal sets,choicecanbemadewith similar
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considerationsFor example,if dataon economicconditionsweremoreexpensve to obtainand/or

risked moreerrorsthandataon geographigroximity, then{z, z3} would be betterthan{z;, zo }.

(3) Contraryto commonbelief, justincludingcommoncause®f z andy in the controlvariableset

may notbeadequate.

(4) Themamginal effect computedrom amodelcanbeinterpretedasa causakffectif andonly if a

sufficient setof controlvariabless used.

(5) In generalthesamemodelcannot be usedto infer morethanonecausakffect. In ourexample,
if we wantto infer theeffect of geographicaproximity (z3) oninternationakonflict (y), we should
not control for ary othervariables sincethereareno back-doormpathsbetweenzs andy atall. A
modelthatis goodfor studyingthe causaleffect of z ony, sayonethathas{z, z3, z3} astheset
of independenvariablesjs notgoodfor the purposeof causalinferenceon z3. Indeed,it would be
avery badone, sinceeffectively the “control variables™for z3 are{z, z2}, which aredescendants
of z3. Both the back-doorcriterionandcommonsensgandcommonpractice too, wheretheissue
is obvious) tell usthatwe shouldnot control for consequencesf a variablein assessings total
effects!® In this example, controlling for the (positive) consequencesf geographicproximity
would biasupwardly the magnitudeof the estimatechegative effect of the variableon international
conflict.

Attemptingto infer morethanone causaleffect with the samemodelis, however, widespread
practice.In theinfluentialwork of Russetetal. (1998)for example the causakffectsof threevari-
ablesof the “Kantian tripod for peace”—democrage trade,andjoint membershign international
organizations—areissessedsing the samemodel. The insight from causalgraphtheory would
suggesteevaluation,especiallygiventheir finding that democraciesremorelikely to join IGOs,
which meanghatin the causalgraphlGO could be a descendantf democrag and henceshould

notbe controlledin estimatingthe causakeffectsof democrag on conflict.

(6) In generalagoodcausaimodelis notagoodforecastingnodel,andvice versa.ln our example,

if we wantto build a modelthatis goodfor forecastinginternationalconflict, ¢y, we would want

#\We mayneedto controlsuchvariablesin assessindirecteffects,aswe shallseeshortly
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Figure4: A Seeming\Recusive System

to include all the direct causef y, thatis, the set{z, z9, 23, z4}. This would be a sub-optimal
modelfor inferring the effect of regime type (z), for which {z, z2, z3} is suficient asindependent
variablesandevenworsea modelfor causalinferenceon geographigroximity (z3), for which no
othervariablesshouldbe used. Corversely an optimal causalmodelfor eitherz or z3 would be a
badforecastingnodelfor y, asit would omit someof thedirectcause®f y.

Similar graphicaltools asthosegivenin the back-dooradjustmentheoremshedlight oniden-
tification problemsin structuralequationmodels,too, wherethe causalrelationshipsn the graph
assumdinear functionalforms, andthe causalgraphis effectively the sameasthe pathdiagram.

Figure 4 is anexamplegraphcorrespondingo thefollowing systemof structuralequations:

Y1 = a1+ Y11Z1 + Y1272 + €1
Yo = as+ Poaryi+ Y2121 + Y222 + €2

Y3 = a3+ Baiyit+ Bayet 3171 + Y3272 + €3

Y1 = a1 + Y1121 + Y122 + €1
Yo = ag + Py + Y2171 + Y2272 + €2

Y3 = a3 + B31y1 + B32y2 + 13171 + Y3272 + €3

wherethepresencef thebidirectional broken-linearcsreflectsthe assumptionthatthe errorterms
in the equationsare correlated. If thesebidirectionalarcswere absentthis would be a fully re-
cursive systemand ordinary leastsquareestimationof the coeficients (which canbe interpreted
asdirect causaleffects) would be consistent.But arethe direct effects still identifiable(i.e., can
the parameterstill be consistentlyestimated)jf the errorsare correlatedandthe systemis only

“seeminglyrecursie™? This questionhasgeneratednuch confusion,aswitnesseddy the recent
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debateamongleadingeconometricianand political methodologist$? Two populareconometrics
textbookswidely adoptedn political methodologycoursesaswell give opposinganswersGujarati
(2003)suggestshatthe systemcanbe estimatedhroughmethodgor seeminglyunrelatedregres-
sionmodels(SUR)(footnote7, p.766)while Greeng2000)disagreesarguing thatidentificationin
this systemis not guaranteeavithout additionalassumptiongp.673).

Which is right? In the absenceof easyto apply andreliable tests, it is a matterof lengthy
debate® Fortunately newv graphicalmethodsprovide somesimpletools to answerthe question.
Theorenb.3.10f Pearl(2000)tellsusthatthedirecteffectof avariablexz onanothery is identifiedif
(and,for all practicalpurposesonly if) in thecausabraphwith theedgebetween: andy removed,
thereexists a setof variablesz which arenon-descendantsf y suchthat z d-separates from y.
Suchsetz is saidto satisfythe “single-doorcriterion” (p.150).

Applying thistheorem|t’s easyto seethatall parameterg thefully recursve system(thathas
the bidirectionalarcsremoved) areidentified. For example,in therecursve model,the directeffect
of z1 onysy is identifiedsincewith theedgez; — . removed, all otherpathsbetweerthe two are
d-separatebly {y;, 22 }: ary paththatgoesthroughys, suchasz,ysys, is naturallyblocked, z1y1 y»
is blocked conditioningon y;, andz1 1 22y2 is blocked conditioningon .

What aboutthe seeminglyrecursve systemwith correlatederrors? The direct effect of z; on
yo for exampleis no longeridentified. Oneof thetwo paths,z; — y1 — y2 andz; — y1 +—
19, IS alwaysactive. Conditioningon y; would block the first but activate the secondwhile not
conditioningon y; would leave thefirst connectedIn general.then,the parameteré a seemingly

recursve systemarenotidentifiedwithout additionalassumptions.

195eethe discussioron the H-Net PolMethListservin February2002,underthe thread‘recursve modelsandidenti-

fication” and“dialog with Greeneon systemof equations” http://webpolmeth.ufl.edu/hnet.html.
20Thoughwe shouldpoint out thatGuijarati’s answeiis obviously flawedsincethe systermis simply nota SURsystem

(whichdoesnothave endogenousariableson theright handside). SUR systemsareof coursedentified,evenestimated
justby OLS, sinceOLS estimatorareconsistentThe GLS estimatousuallyemplo/edfor SURis to improve efficiency,

whichis notanidentificationissue.
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4.3 Causal Structure Inference

Causalgraphsnotonly aid in causakffectidentificationandcontrolvariableselectionthey alsoin
themselesfacilitate the explication of qualitatve assumptiongboutthe underlyingcausalstruc-
ture. They provide anunambiguousindefficientlanguagdor summarizingcausabssumptionsand
make the implicationsof suchassumptionglear Somecausalassumptiondasedon substantie
theoryareexplicit or implicit in ary empiricalstudyaimingat causalinference put they arerarely
explicated,andwithout the aid of the causalgraphone hardly knows whetherthey are adequate.
If they areinadequatethensubsequentnodelingdecisionghatimplicitly rely onthe causalgraph
suchascontrol variableselectionwould obviously be ungroundedandarbitrary Evenif they are
sufficient, without translatingtheminto a causalgraphtheir modelingimplicationswould be un-
clear As we have seenin the exampleabore, commonpracticesof control variableselectionsuch
asincludingall commoncause®f z andy and/orincludingall cause®f y canleadusastray

Sothe causalgraphplaysa critical role in improving causalinference.Althoughthe language
of causalgraphis new to the discipline,political scientistantuitively recognizethe importanceof
understandinghe structureandmechanismsf the systemunderstudy In offering a seriesof sug-
gestiondor improving causainferencewith obserationaldata,Brady (2002) makeshaving better
theorythat “provides mechanism&nd explanations”the top priority. As he corvincingly argues,
“researchershouldnot be happy with regressionmodels’ that simply throw variablesinto a re-
gression...researcharsistseekto understandhe exactmechanisms...shoulkekio explain social
phenomendn the sameway thatthe Maxwell-Boltzmanntheoryof gasesxplainsthe regularities
of thegaslaws..” (p.29).ldeally, we shouldhave suchgoodsubstantie theorythatthe underlying
causalgraphis readily available.

Unlike the physical scienceshowever, the causalstructurein a social systemis much less
clear andno matterhow hardwe try, therewill be situationswheresuficient substantie theory
is unavailableto provide uswith anindisputablecausalgraphto work on?! In anoverview of the

literatureon violencestudies(RussetR003b) for example,“the directionof causality”"topsthelist

2Indeedmost,if notall, endesaors of causalinferencein the socialsciencesimto “testtheory”, i.e., to seewhether

certaincausalink existsatall, andthe estimationof the magnitudeof the effect, if ary, is of secondarymportance.
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of “analyticalproblemsandresearcldirections. Doesallianceformationreducetherisk of conflict,
or do countriesally with eachotherbecauséhey areat peaceDemocrag maydecreas¢herisk of
conflict, but would peace-timanale preservingdemocratiggovernmenteasierqp.21).

Fortunately causalgraphtheorytells us thatwe do not needto rely completelyon substantie
theoryin learningthe causalstructure.Undersomegeneralassumptionsve canlearna greatdeal
aboutthe causalgraphfrom obsered data(Spirteset al, 2000; PearlandVermal1991). Software
tools that “discover” causalstructurefrom datahave beendevelopedand arein widespreaduse
acrossvariousfields (Scheinestal., 1994.) Thesetools canbe fruitfully emplo/edin the analysis
of political datawherecausalstructureis far from clearfrom substantie theoryalone,suchasdata
oninternational/aiil conflict. Below | briefly discussthe intuition for why such“causalstructure
discovery” is possible andexplain thecommonassumptionsisedin the search.

Fromthediscussionn section 4.1, we have seenwhy andwhencausaleffect estimationfrom
non-eperimentadatais possible . Theintuition behindcausaktructurediscosery from obseration-
al datais essentiallysimilar, andrestsin thefactthat,underthe causaMarkov condition,obsered
patternsof statisticalindependencenayimply constrainton patternsof causationgffectively lim-
iting the numberof possiblecausalgraphscompatiblewith obsered data. A simple exampleil-
lustratesthe idea. Supposea systemunder study containsjust threevariables,z;, + = 1,2,3,
andsupposeve obsere from the datathatz; andzs areindependentonditioningon zy. This
obsenration, strictly statisticaland not causalin itself, neverthelessmplies that the causalgraph
1 — T9 < xz3 IS incompatiblewith the data,sinceif x; andzs were both causesf z4, then
conditioningon =, would renderthe parentsstatisticallydependent?

Obsened independenceatternsrarely imply a uniquecausalgraphcompatiblewith data. In
the simpleexamplehere,eitherz; — z9 — x3, Or 1 < 9 < 3, Or 1 + x2 — x3 would be
compatiblewith the obseration. Softwaretools suchas Tetradtake obsered data(andindepen-
denceconditionsthey embody)asinput, and useeffective algorithmsto searchfor all compatible

graphs. The numberof suchgraphscanbe greatlyreduced possiblyto only one,with addedas-

22For example,if thevalueof x5 is determinedy theothertwo throughz, = z; + z3, thenconditioningonthevalue
of x5 would meanthatz; andzz cannottake arbitrary unrelatedvalues. In particular if x5 is 0, thenit mustbe that

r1 = —Z3.
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sumptionspasedon substantie knowledgeof the problemor knowvledgeof the temporalorderof
variables(suchasregimetypedoesnot causegeographigroximity, or the GDPvariablemeasured
last yearcannotbe a causeof the populationdensityvariablemeasuredive yearsago) or theory
(suchasconflictinvolvementhasno directcausaleffect on regimetype) or generalassumptionsf
axiomaticnature.Thelasttypeincludes®

1.Raithfulnesqstability): This conditionassumeshatindependencpatternsn the probability
distribution of dataarisenot from coincidencebut ratherfrom structure.In figure 3, for example,
supposeeographigroximity (z3) increasesherisk of conflict (y), but decrease# throughfacili-
tatingtrade(z2) which is known to inhibit conflict. Supposehe positive effect andnegative effect
aresuchthatthey exactly balanceandcancelthenz; andy might beindependenin the obsered
data.In this casethedistribution is saidto be unfaithfulto thetrue causalstructure.

2. Causakuficiengy: All commoncause®f measuredariablesaremeasured.

3. Model minimality: a parsimony conditionsimilar in spirit to that consideredn standard
model selectionprocedureswhich guaranteeshat ary alternatve structurecompatiblewith the
datais necessarilyessspecific,lessfalsifiable,andlesstrustworthy thantheinferredstructure(s).

It is not necessaryo adopttheseconditionsfor the Tetradtool to operate althoughadditional
assumptionsandramaticallyincreasenferentialpowver. Comparedvith pettheoriegshatmayoften
bewhimsical,the axiomatictype assumptionaremuchmoregeneralandmucheasierto commu-
nicateacrossdifferenttypesof problemsor indeeddifferentdisciplines. Substantie assumptions
basedon theorycanstill be usedasinput, andthe implicationsof themareclearly seenfrom the
resultingcausalgraphsinferred, which in its own providesthe researchewith a powverful means
to understandhe ramificationof ary theoreticalassumptionandmay changethe way studiesare
designedhnddatacollected.

Causalgraphtheorydiscussed@bore is still underdevelopment.For example,existing methods
largely focuson agyclic graphswith no feedbackeyclesor undirectededgesin the socialsciences,
however, cyclic graphsand/orundirectecedgesareoftenencounteredueto unrefinedneasurement

that permitsfeedbackwhich blurs the directionof causation.Extendingthe resultsfor DAG’s to

235eePearlandVermal991,Scheined997,Pearl1997b,Freedmam.d., FreedmarmndHumphre/s 1999,andSpirtes

etal. 1997and2000for somedetaileddiscussioranddebateon thereasonablenessidconsequences theseconditions.
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suchgraphsarethereforeparticularlyusefulfor socialscienceapplications.

5 RareEventsand Functional Complexity

This sectiondiscussesomeextensionsof existing methodsto accommodatepecialfeaturesof
political data, suchas functional complity and rarenesf certainevents. Rarenes®f events
is a key featureof internationaland civil conflict data, and functional compleity characterizes
mostpolitical and socialrelationships.Section5.1 gives someresultson recosering measure®f
network characteristicén relationaldatadiscussedn section3.1, whenthe dataresultfrom more
efficient “case-control’samplingdesignfor rareevents. Section5.2 discussegmprovementof the
randomgraph modelsdiscussedn section3.2, as well as modelsfor the so-called“propensity
score”increasinglyusedin the estimationof causaleffects, with flexible functionssuchasneural

networks.

5.1 RareEvents Data and Network Characteristics

Someevents,suchasinternationaland civil conflict, presidentialvetoes,coups,or rare diseases,
rarely happen. To study suchevents,usingthe full sampledatais grosslyinefficient sincemost
of the non-erentscontainlittle information. Alternatve samplingplansthatretainonly the events
anda smallfraction of the non-ezentsaremuchmoreefficientin termsof both datacollectioncost
andsubsequendatastorageandanalysis.Inferentialimplicationsof andnecessargorrectiongor
usingsuchdatain standardnodelssuchaslogit arewell developed(King andZeng2001b,2001c,
and2001d),but nowork hasbeendoneanalyzingtheissuein the contet of socialnetworks,where
alternatve samplingplanspreviously studiedtypically selecton players(or nodesin the graph),
ratherthantypesof relationshipgexistence/absencef edges).Questionsaturally arise,suchas
whether/whichnetwork characteristicsnay be recoreredfrom suchsub-samplediata,and how.
The preliminary resultsbelov shav that essentiallyall measuresliscussedbove are obtainable
throughsimpleadjustmentaissumindgnowledgeof the sizeof thefull network (V) andtheratio of
the numberof null dyads(e.g.,dyadsnot involved in conflict) in the full data(Vy) to thatin the

sub-sampledata(n).

34



The estimatorave give areconsistensincethey arecontinuougunctionsof consistenestima-

torsfor the sub-samplediata.

Degreeand actor centrality: Thedegreeof anode(player)is thenumberof edgesadjacentoit. In
theconflictnetwork, for example,it would bethe numberof countrieswith which oneis in conflict.
Sincesub-samplinghe“0™ s, i.e., dyadsnotin conflicts,leavesall existing edgedconflict) intact,
it is obvious that the degree measuredor the conflict network are not affectedby the sampling
processHencedegreesirom the sampleddataarealsodegreesfor the original network 24

Thisis soonly for thenetwork of therelationthatis alsothe basisof the sub-samplinghowever.
We may needto recover degreemeasuresgor networks of otherrelations,saytrade. Obviously a
null dyadfor the “conflict” relationmay not be null for the “trade” relation. Thussomecorrection
is needed.Let y denotethe relationbasedon which dataaresampledandlet w = Ny/ng. It is
easyto seethatthe correctedmeasuras simply d = d; + dow, whered; is the degreemeasure
correspondingo y = 4, ¢ = 0,1. Thecentralityindex, d/N, is thenjust the recovereddegree

measurever the sizeof thefull network.

Density and centralization: Similar reasoningeadsto the formula for densitymeasures:D =

]DVI(J]’VD_OS, whereD; is the total numberof edgespresenwwheny = i, ¢« = 0, 1. Indicesof central-

ization, measuredsvariancef actorlevel degreeor centralitymeasuresareavailable basedon

thecorrectedactorlevel measures.

Cohesive subgroups: Usingthedefinitionof & — cores for cohesie subgroupssub-samplingloes
not changecohesie subgroupstatusin the samerelationy (thatis the basisfor sampling),since
existing edgesarenot affected. On a differentrelation,a cohesie subgroupn the sampleddatais
ohviously alsoa cohesve subgroupin the full network. However, a subgroupthatis not cohesie
in the sampleddatamay be cohesie in the full data. Oneway to estimatethe true statuswould
beto fill missingdatafor y = 0 casesusingsampledensityinformation: if for y = 0, the density
of edgesds 7, thenturn the missinglinks into edgeswith probability 7. Onceall missinglinks are

filled, cohesie subgroupstatuss easilycheclked with thek — core concept.

24 Othercharacteristicef the graphbasedon edgespresentsuchasnumberof trianglesandk—starsusedin random

graphmodels aresimilarly unafected.
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Structural equivalence: The measures discussedare correlationor distancemeasuresand as
such,properweightingshouldgive consistenestimatesAll datacorrespondingo y = 0 shouldbe
weightedby w = Ny/ng. For example,the correctedEuclideandistancemeasurdetweemodes;

andj, assuminga symmetricrelation,would be

w Z (zik — =’17jk)2 + Z (i — $jk)2

k:y=0 k:y=1
wherez is therelationonwhichthemeasuregreconstructedlt couldbethesameasy or couldbe
a differentrelation. Weightingin correlationds similar. Suchweightingin computingcorrelation
coeficientsor distancaneasuresanbeimplementedn standardstatisticalpackagesuchasStata

andsoposeo practicalincorvenience.

5.2 Functional Complexity: Improving Random Graph Modelsfor Relational Data
and Propensity Score Modelsfor Causal Effect Estimation

Functionalcompleity characterizesnost,if notall, political andsocialrelationshipsandthe ex-
actfunctionalforms arealmostnever known. Flexible modelssuchasneuralnetworks that better
accommodatsuchcompleity thanmoststandardnodelsarereceving increasingattentionin po-
litical science Asin awide rangeof otherfields,neuralnetworkshave foundsuccessfuapplications
in the modelingof political data(e.g.,Zeng1999,2000a;Beck, King, andZeng2000,2004;King
andZeng200lal agazioandRusset2003.)In this sectionl discusgheirusein improving random
graphmodelsfor the analysisof relationaldataand propensityscoremodelsfor the estimationof
causaleffects. Standardoracticein estimatingthesemodelsrelieson simplemodelslik e logit that
assumecertainfunctionalform, usuallylinearin one part or another andis likely inadequatdor
comple datalik e internationalkconflict.

A neuralnetwork modelis capableof approximatingarbitraryfunctionalformsthroughtheuse
of “hidden neurons”. Figure 5 depictsa single hiddenlayer feedforward neuralnetwork, where
the hiddenneuronsz arefunctionsof the input variablesz, andthe outputvariabley is in turn a
functionof thesehiddenneurons Providedthefunctionsfor z satisfysomegenerakonditions(such
asbeingboundednon-constantandcontinuous)andthatsuficient numberof hiddenneuronsare

usedthefunctionthatrelatesy to z throughz is provento beableto approximatehe“true” function
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Figure5: A onehiddenlayerfeedforward neusal network

y = f(z) to arbitrarydegreeof accurag, whatever form f(.) takes. This explainsthe theoretical
appealof thesemodels.Thelogistic form is typically usedfor z. Outputfunctionfor y is typically
logit if y is binary andlinearif y is continuous.

Neural networks may be superiorto standardnodelslike logit in ary situationwherethe un-
derlying “true” functional form is unknavn andis likely comple. In the caseof randomgraph
modelsfor relationaldata,improvementover standardnodelsis likely in analyzingcomple rela-
tionshipssuchasinternationalconflict, especiallygiven previous succes®f neuralnetworks over
logit on suchdata(e.g.,Beck, King, andZeng2000,2004;King andZeng2001a).In section3.2
we have discussedandomgraphmodelsin somedetail, andhave seerthat,in modell, the network
characteristicg(z) enterthe modellinearly, asdo é(z;;) in model3. The linearity is partof the
modelassumptionbut is rarely challengedat all in existing work, which alsoevaluatesnodelper
formanceby goodnessf fit ratherthanout of samplegeneralizationa practicethatcanbeseriously
misleading.In applyingrandomgraphmodelto complex political data,improvementcanbe made
in theseareas Flexible modelsthatcanapproximatainknavn comple functionalformswell, such
asneuralnetworks, canbe usedin placeof the linear specifications And modelevaluationshould

rely onthe gold standardf out-of samplegeneralization.

5.2.1 Improving Propensity Score Estimation

We now turnto thesubjectof estimatingcausakeffectsusingthe propensityscoreapproachGraph-
ical methodsiscussedn Section4 allow usto determinenhethercertaincausaleffectsareidenti-

fiablefrom obserationaldata,andif sowhichvariablesshouldbecontrolled/adjusigin estimating
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theseeffects. The remainingtaskis actually carryingout the estimation. Typically a parametric
model(suchasa generalizedinearregressiormodel)would berun for this purpose A parametric
modelmay suffer from two major problems.evengiventhe correctsetof controlvariables.Oneis
incorrectfunctionalform assumptionthe otheris the problemof incomparabilityof “experimental”
and“control” groupsin the data. The secondproblemexists whenthe distribution of control vari-
ablesfor onevalueof the causalvariabledoesnot completelyoverlapwith thatfor anothervalue.
Obsenationsin the non-averlapregionin effect do not have matchesandarethereforeuselesgor
causainference Not excludingthemwould contaminatéhe dataandresults but checkingfor non-
overlapdirectly onthe controlvariabless difficult or eveninfeasible sincewith typical sizeof the
controlvariablesetit would involve high dimensionabensityestimation(King andZeng2004).
Conceptually non-parametrianatchingis superiorto parametricmodelsin that they do not
assumespecificfunctionalforms andthe matchingprocesstself would guaranteghatonly obser
vationswith matchesareused.In practice matchingliterally is rarely feasiblewhentherearemore
thanjust a coupleof controlvariablesand/orwhenthe controlvariablesarecontinuouspecausef
the “curseof dimensionality”. Recentdevelopmentin statisticshasoffereda promisingapproach
that avoids the curseof dimensionalityandtherefore“solves” the problemof control variablead-
justment. The seminalwork of RosenbaunandRubin (1983) provesthatadjustmentanbe made
by matchingon just one scalarvariable,the so called “propensityscore”. Let z denotethe key
causalariable,andz denotethesetof (correct)controlvariables.The propensityscoreis the prob-
ability of being exposedto the cause(receving a treatmentparticipatingin an experiment,etc.)
conditioningon the controlvariables:P(z = 1|z).25 RosenbaunandRubin (1983)provesthatthe
propensityscoreis a “balancingscore”in that conditioningon it the distribution of z is balanced
acrossthe “treatment” and “control” groups. This meansthat adjustingfor the propensityscore
aloneis equvalentto adjustingthe whole setof control variables.It alsomeanghatthe propensi-

ty scorecanbe usedto identify non-overlapregion in datawithout the needfor high dimensional

25The propensityscoremethodis originally developedfor binary z, which we assuméhere. It is recentlygeneralized
to “propensity function” that works for othertypesof causesas well, suchas multinomial, ordinal, or continuousz
(Imai andDyk 2002). Thefollowing discussiorappliesto propensityfunctionin general but we usethe binary casefor

illustrationas“propensityscore”is amorefamiliarterm.
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densityestimation(e.g.,King andZeng2004). This is an exciting development.andnaturallythe
propensityscoreapproachs receving increasingattentionin statisticsandall of thesocialsciences.
As Brady(2002)argues,‘every empiricalresearcheshouldbecomefamiliar with this framework.”
(p-30).

Oneimportantissueremains however. The “true” propensityscoreis rarely, if ever, known in
obsenrationaldata,and henceitself mustbe estimatedrom databeforeit canbe usedto estimate
causaleffects by matchingor relatedmethodsand/orto identify density non-overlap. Building
modelsthatgive valid propensityscoreestimatesrecritical to subsequerdanalysisfor the obvious
reasonthatgood propertiesof propensityscoresdo not apply to non-propensityscores.Although
studieshave shavn that the consequencesf misspecificatiorin the propensityscoremodeltend
to be milder thanthatin the outcomemodel, misspecificatiorof the propensityscoremodelcan
severelybiascausakffect estimationneverthelesge.g.,Imai andDyk 2002, Tablel, p.14).

Despitethis seeminglyobviousfact, with few exceptiongHeckmanetal. 1998b)appliedwork
using the propensityscoreapproachhave largely relied on simple logit modelsto estimatethe
propensityscore,often without conductingary testsfor the validity of the estimatedpropensity
scores. The possibility of invalid propensityscoresfrom suchstudiesis a potentialreasonwhy
somestudiedfind thatestimatedcausaleffectsfrom adjustingfor the “propensityscore”arebiased
comparedvith thebenchmarkof experimentaresults(e.g.,AgodinandDynarski2001;Bloometal
2002; Ty Wilde andHollister 2002). Somestudiestry to alleviate the problemby including higher
ordertermsin the logit model, but polynomial approximationto unknavn nonlinearfunctionsis
inefficient andoften suffersfrom numericalinstability problems.

For reasongsliscusse@arlier neuralnetworksprovide a naturalcandidatdor modelingpropen-
sity scores.Below we give somepreliminaryresultscomparingperformanceof a neuralnetwork
andsomelogit modelsin studyingthe causakffect of regimetypeonthe probability of statefailure
(King and Zeng 2001a,2004). Thereare five control variables: military population,population
density legislative effectivenessjnfant mortality, andtradeopennessThe “treatment”variableis
binary indicatingwhetherthe stateis a partialdemocrag or autocrag. A singlehiddenlayerfeed

forward neuralnetwork modelwith 15 hiddenneuronsfor the propensityscoreis comparedvith
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Figure6: Propensityscoe validity test.“0”: neuml network;“+”: logit; “A”: logit with up to third

orderterms

asimplelogit (with justthe original control variables)anda logit thatincludesmary higherorder
terms(all termsup to the third order). If the estimatedpropensityscoreis valid, thenit should
possesshe balancingpropertyso that, for example,the meansyariancesand covariancesof the
control variablesshouldbe the samefor the democraciesndthe autocraciexonditioningon the
propensityscore. Figure 6 shavs theresultsof testingthe null hypothesighatthe distributions of

the control variablesare not statisticallydifferentacrossdemocraciesndautocracieswithin sub-
classe®f similar propensityscorevalues. The table reportsthe p-valuesfrom the Hotelling’s 7'

testsuitablefor the purpose. We testthe means variancesand covariancesby including all first

order and secondordertermsof the control variablesin the group for comparison. As in usual
hypothesidests high p-valuesleadto failureto rejectthe null hypothesiswhile very low p-values
leadsto findings of “significance”. Unlike a typical test, “significant results”in this contet are
“bad” sinceit would meanthatthe estimatech-scoresareinvalid.

The resultsfrom the figure are clear The p-valuesfor the neuralnetwork propensityscore
model(circles)arein generaimuchhigherthanthosefrom eitherof the logit models(crossesand
triangles),andall areabove the standard).05 significancelevel. The mary crossesandtriangles
below 0.05 meanghatthelogit models,eventhe onewith somary higherorderterms,have failed

to producevalid propensityscores.
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6 Conclusion

Predictionand causalinferenceare the central pursuitsof empirical political science. Graphical
methodsandmodelsprovide excellenttoolsfor improving structuralandrelationalmodelingthatis
vital for reliablepredictionandcausalinference.Theimportanceof structuralandrelationalmod-
elingis particularlyevidentin the analysisof internationakelationsdata. Internationaleventstake
placenotin isolation,but within a network of intricateinterdependencd.he structuralcharacteris-
tics of theinternationahetwork, in additionto individual stateor dyadlevel attributes,aretherefore
likely to hold importantexplanatoryand predictve power. How to identify and measurehe net-
work characteristicandmodelthe dependencstructuresystematicallyhaslargely eludedprevious
research.Graphicalmethodsand modelsgreatly facilitate this task by providing a rich array of
well definedgraphtheoreticmeasuresapturingthe structureof theentirenetwork, andby allowing
the systematienodelingof dependencstructureof the network throughthe useof the dependence
graph. In causalinference,graphicalmethodsprovide usefultools that help the identificationof
causabktructurefrom obsened associationaflata,andthatimprove theassessmermf causakffects
by ensuringcorrectspecificationof controlvariables.Theoreticalunbiasednessonditionssuchas
stronglyignorabletreatmentssignmenareotherwisehardor impossibleto checkbut canonly be
assumed.

This paperringstogetherthelarge anddiverseliteratureon differenttypesof graphicalmodels
that are of particularimportanceto our discipline,integrating the techniqueswithin the unifying
frameawork of graphtheoryandoffersatechnicallyaccessibléreatmenbof the methods.The paper
discusseshe adaptationapplicationandextensionof thesegraphicalmethodsand models,laying
thetheoreticafoundationfor broadscaleempiricalresearctemploying thesenovel tools. Initial re-
sultsfrom analyzingthe 1947-1989MID dataprovide strongevidencethatpropertiesof the system
asawhole andthatof individual states/dyadembeddedn the systemhold importantexplanatory
andpredictive powver, andclearlyrevealtheinterdependencamongdyadssharingacommonmem-
ber Althoughthediscussiornargely focuseson the caseof analysisof internationalrelationsdata,
mary of theideasofferedreadilyapplyto othersubfieldsof political scienceandcognateadisciplines

aswell.
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