
Modeling Unobservable Political-Military Relevance:
Split Population Binary Choice Model With an

Application to the Trade Conflict Debate∗

Jun Xiang
Department of Political Science

University of Rochester
email: jun.xiang@rochester.edu

April 25, 2008

Abstract

This study applies split population binary choice models to address irrelevant dyads
in the dyadic analysis of conflict with binary dependent variables. The advantage of
employing a statistical model instead of directly identifying relevant dyads manifests it-
self in the selection of relevant dyads: rather than researchers making take-it-or-leave-it
decisions, covariates are used to estimate relevance as a latent variable. An applica-
tion of the model to the trade conflict debate shows that the probability of conflict,
the quantity of interest for traditional binary choice models based on all dyads, is non-
monotonic with respect to trade when generated by the split population model. This
finding provides one explanation for why trade is found either to increase or decrease
the probability of conflict in existing research as monotonicity by chance is imposed on
an underlying non-monotonic relationship.
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1 Introduction

It has been widely argued in dyadic analysis that identifying the group of dyads with

opportunity for conflict and subsequently restricting our analysis to this sample are essential

for unbiased empirical investigations of conflict. The inclusion of dyads with a logical zero

probability of conflict in the sample leads analysis astray as the research investigation is

designed to uncover the causes of conflict (e.g., Weede 1976; Maoz and Russett 1993; Cohen

1994; Lemke 1995). The challenge in identifying opportunity, however, is that opportunity

for conflict is not directly observable in the data.

A great deal of research has attempted to deal with this unobservable opportunity

for conflict in the empirical analysis. The most common existing approach is to directly

identify dyads that have the opportunity for conflict according to certain prescribed criteria.

Bueno de Mesquita (1981), for example, raises the notion of regional dyads, which suggests

only dyads within the same region are appropriate for analysis. A more popular concept

is “relevant dyads,” of which there are several variants. Politically relevant dyads, first

discussed by Weede (1976) and arguably the most widely used, are defined as “pairs of

states directly or indirectly contiguous and/or in which at least one of the states is a

major power” (Lemke and Reed 2001, p127; see also Maoz and Russett 1993; Oneal and

Russett 1997). Politically relevant international environment (Maoz 1996), and relevant

neighborhood (Lemke 1995) are two other definitions of relevant dyads that attempt to

overcome some of the limitations of politically relevant dyads.1 Another operationalization

is the concept of politically active dyads, which employs contiguity, power status, and

alliance as defining characteristics (Quackenbush 2006).

Not surprisingly, the method of direct identification of opportunity for conflict suffers

from excluding certain dyads that have the opportunity for conflict and plausibly including

some dyads that lack opportunity for conflict. The former drawback is often seen, since to

varying extents dyads that have engaged in MIDs are excluded from the identified samples
1See Quackenbush (2006) and Lemke and Reed (2001) for more detailed discussions of each definition.
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of “dyads with opportunity for conflict” (e.g., Lemke and Reed 2001) − a direct contra-

diction to the argument that opportunity for conflict is a necessary condition for dyads’

involvement in conflict. While the latter is not as apparent as the former, it is logically

feasible given that the opportunity for conflict is unobserved. The logical relationship that

opportunity for conflict is a necessary condition for conflict is instructive for selecting dyads

with opportunity only in the presence of conflict; in this case all dyads experiencing conflict

possess opportunity for conflict. The challenging case is to select dyads with opportunity in

the absence of conflict, because this absence of conflict logically implies either presence of

opportunity or absence of it. The unobservable nature of opportunity dictates that any op-

erationalization of relevant dyads is subject to this feasible error of including dyads without

opportunity. Clark and Regan (2003) write that “Opportunity is unobservable and can only

be confirmed when we see direct evidence that states interact (e.g., they fight one another)”

(p. 97). Because of these inherent weaknesses associated with the direct identification of

unobservable opportunity, this study follows Clark and Regan (2003) and adopts a different

approach to operationalizing the opportunity for conflict: estimating the opportunity for

conflict through a statistical model − a split population model.

In a split population model an additional binary choice regression − used as a selection

step − is added to a standard statistical model (e.g., a count or duration model) to capture

the idea that a proportion of the observations are experiencing a different data generating

process (DGP) than the one prescribed by the latter model. In the context of modeling

conflict, the selection step dictated by a binary choice regression is meant to sort out the

group of dyads without the opportunity for conflict, and a statistical model (e.g., a count or

duration model) is simultaneously employed to model conflict for dyads with the opportu-

nity for conflict. The main advantage of using split population models is that analysts can

circumvent the difficulty associated with the direct identification of unobservable opportu-

nity while at the same time address dyads with logical zero probability of conflict using the

selection step.
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That being said, the proposed statistical model departs from Clark and Regan’s (2003)

model in one important respect. Instead of being a split population duration model, it is

a split population binary choice model. Because a great part of empirical investigations of

conflict are carried out employing binary dependent variables, this variant of a split popula-

tion model provides analysts with another powerful tool to deal with dyads with logical zero

probability of conflict. In the theoretical respect, this study re-examines the interpretation

of logical zero probability of conflict. Instead of employing opportunity for conflict this

study proposes using political-military relevance,2 or simply relevance, to interpret the logi-

cal zero probability of conflict; dyads with logical zero probability of conflict are interpreted

as dyads without political-military relevance, or simply irrelevant dyads. One distinction

between this study and most existing research in treating the latent variable relevance,

however, is that this study keeps relevance as a latent variable rather than operationalizing

it through directly identifying the sample of relevant dyads by certain characteristics. One

important reason to discard the opportunity explanation is because of the intricate rela-

tionships between opportunity and willingness, the pair of ordering concepts proposed in

Starr (1978). The proposition that opportunity does not necessarily predate willingness in

explaining conflict makes it inappropriate to explain logical zero probability of conflict as

absence of opportunity, and lack of conflict as absence of willingness.3

This study applies the proposed split population binary choice model to an important

academic debate: the trade-conflict relationship. Based on the sample of all dyads, the

regression results of traditional binary choice models (e.g., probit and logit) suggest that

trade’s effect on conflict is monotonic: either trade has a pacifying effect (e.g., Polachek 1980;

Oneal and Russett 1997 and 1999; Xiang et al. 2007) or it increases the probability of conflict

(e.g., Barbieri 1996). The empirical results from the split population model, however, show

that trade increases the likelihood of relevance, but reduces the probability of conflict given
2The terminology political-military relevance is proposed in Weede (1976, p. 396), but this study inter-

prets it in a slightly different way.
3Clark and Regan (2003), for example, assume that opportunity always precedes willingness in explaining

conflict.
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relevance. The predicted probability of conflict with respect to trade, the quantity of interest

for the traditional method based on all dyads, turns out to be increasing at low levels of

trade and decreasing at high levels. This finding of non-monotonicity provides one way to

reconcile the mixed findings in existing research: monotonicity by chance is imposed on

an underlying non-monotonic relationship. An important implication from this example is

that using the sample of all dyads without taking into account relevance risks generating

misleading findings regarding conflict.

The rest of this paper proceeds as follows: Section II presents the theoretical argument;

the interpretation of logical zero probability of conflict. Section III introduces the mathe-

matics of the split population binary choice model. The application of the split population

model to the trade conflict debate comprises section IV. A concluding remark ends this

paper in section V.

2 Interpretation of Logical Zero Probability of Conflict

Dyads with logical zero probability of conflict are deemed inappropriate for the analysis of

conflict. It has been argued that in statistical analysis including negative cases where the

outcome of interest is impossible induces erroneous inference (e.g., Braumoeller and Goertz

2002; Clarke 2002; Mahoney and Goertz 2004). As a result, the selection of negative cases

in comparative research should be restricted to those where the outcome of interest is

logically possible. This is essentially Mahoney and Goertz’s (2004) possibility principle. An

application of this possibility principle suggests that only dyads having positive probabilities

of conflict comprise the right sample for the empirical analysis of conflict.

Various theoretical arguments exist explaining why certain dyads possess logical zero

probability of conflict. In an article to propose the employment of relevant dyads in empirical

tests, Weede (1976) writes that “the risk of war is negligible if there is no perception of

severe or irreconcilable conflict of interest....Only in this relatively small subset of dyads
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is there a possibility for irreconcilable conflicts of interest to arise and create a substantial

risk of war” (p. 396). In a similar manner, Cohen (1994) claims that “States that have no

access to and very little business with each other are not candidates for conflict” (p. 214).

Maoz and Russett (1993) justify their exclusion of politically irrelevant dyads by arguing

that “The countries comprising them were too far apart and too weak militarily, with few

serious interests potentially in conflict, for them plausibly to engage in any militarized

diplomatic dispute” (p. 627).

Arguably the most widely employed explanation is Starr’s (1978) opportunity and will-

ingness dichotomy: both opportunity and willingness are necessary conditions for war.

Opportunity is simply the “possibility of interaction,” and willingness is “concerned with

the processes and activities that lead men to avail themselves of the opportunities to go to

war” (p. 364). It is argued that dyads with logical zero probability of conflict are the ones

that do not have an opportunity for conflict, and these dyads should not be included in

the sample (e.g., Oneal and Russett 1997; Lemke and Reed 2001; Clark and Regan 2003;

Quackenbush 2006).4

Logical zero probability of conflict implies the absence of a necessary condition for con-

flict, and the foregoing discussion suggests a few mechanisms that account for this logical

zero probability of conflict. The task here is to find a summary interpretation of logical zero

probability of conflict that is comprehensive given the existing explanations. First consider

the opportunity explanation. The major advantage of this explanation is that it is feasible

to explain every proposed mechanism as part of opportunity given that the term opportu-

nity is itself an inclusive concept. An important drawback, however, is associated with this

explanation. Since the term opportunity traces its origin to the opportunity and willingness

dichotomy proposed in Starr (1978), it is logically inconsistent to ascribe the logical zero

probability of conflict solely to absence of opportunity. Two related points may be made

here. First, the proposition that opportunity and willingness are both necessary conditions
4Although absence of willingness can account for zero probability of conflict according to this dichotomy,

it is customary to use absence of opportunity as the explanation of logical zero probability of conflict in the
existing research.
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for conflict suggests that the logical zero probability of conflict could be a result of three

possibilities: lack of opportunity, lack of willingness, or both. As a result, explaining zero

probability of conflict solely in terms of opportunity is incomplete. In addition, the idea

that opportunity precedes willingness in explaining conflict does not always hold. This is

a point explicitly made in Starr’s (1978) discussion of the possible relationships between

opportunity and willingness (p. 377). This second point suggests that it is inappropriate

to interpret logical zero probability of conflict as absence of opportunity and lack of con-

flict as absence of willingness. As a conclusion, it is not entirely correct to equate logical

zero probability of conflict with absence of opportunity according to the opportunity and

willingness dichotomy.5

This study proposes the interpretation of logical zero probability of conflict as absence

of political-military relevance, following the terminology used in Weede (1976). Political-

military relevance, as is self-evident by its name, has two indispensable components: po-

litical relevance and military relevance. The former requires the presence of conflicts of

interest between two states and the latter requires the availability of physical means to

engage in conflict for each state in a dyad. A central argument made in this study is that,

like opportunity, political-military relevance is a latent variable which is not directly ob-

served in the data. This argument builds upon the proposition that relevance is a necessary

condition for conflict, which has been explicitly or implicitly stated in the literature on the

use of relevance (e.g., Weede 1976; Maoz and Russett 1993). Since relevance is indispens-

able for conflict and the operationalization of relevance cannot fully take into account this

requirement of necessity,6 relevance qualifies as a latent variable.7

In his original discussion of political-military relevance, Weede (1976) emphasizes “se-
5A correction to this problem is to explain the logical zero probability of conflict as either absence of

conflict or absence of willingness. But this approach complicates the explanation of conflict as well, and now
we need to use opportunity and willingness at both stages: interpreting logical zero probability of conflict
and explaining conflict.

6As discussed in the introduction, two difficulties are associated with directly identifying a necessary
condition for conflict.

7The defining characteristic of latent variables is that they cannot be directly measured; instead, they
are inferred from variables that are observed through some statistical model.
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vere or irreconcilable conflict of interest,” which is assumed to “arise either out of security

considerations or the search for legitimate boundaries” (p. 396). In that study relevance is

operationalized as “either contiguity, or a major power in the dyad, or a latent territorial

conflict” (p. 396). This study keeps the latent variable status of political-military relevance

in the empirical analysis. By contrast, most existing research operationalizes the latent

variable relevance by directly identifying the group of relevant dyads using certain charac-

teristics.8 This is the major distinction between this study and most existing research on

the employment of the term relevance.

The status of political-military relevance between a pair of states is not static over time.

A good example is the effect of change in technology on the status of relevance. Often,

states do not possess political-military relevance because they are too far apart in physical

distance. A significant improvement in technology (e.g., transportation technology) either

provides new alternatives to or reduces the costs of the existing means of interaction. As a

result, two previously irrelevant states may become relevant states. This argument implies

another drawback associated with the existing operationalizations of relevant dyads: they

treat the status of relevance as static. Politically relevant dyads, for example, have the

defining characteristics of contiguity and major power status, which do not capture many

of the dynamics of the status of relevance. Thus, this discussion suggests an additional

reason to treat relevance as a latent variable and infer it from other observed variables.

The use of absence of political-military relevance to interpret the logical zero probabil-

ity of conflict is also consistent with existing explanations. Keohane’s (1984) discussion of

harmony, cooperation, and discord suggests the necessity of the presence of political rele-

vance in explaining conflict. Defined as “a situation in which actors’ policies (pursued in

their own self-interest without regard for others) automatically facilitate the attainment of

others’ goals” (p. 51), harmony is equivalent to an absence of conflict of interest.9 This
8One exception is found in Kedziora (2007): relevance is treated as a latent variable in the empirical

analysis and it is estimated by the MCMC method.
9In Keohane’s words, conflict of interest means that “governments regard each others’ policies as hindering

the attainment of their goals, and hold each other responsible for these constraints” (p. 52).
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implies that conflict of interest is a necessary condition for conflict because the absence of

harmony implies the presence of conflict of interest.10 Likewise, Weede’s (1976)“no per-

ception of severe or irreconcilable conflict of interest,” Maoz and Russett’s (1993) “with

few serious interests potentially in conflict,” and Cohen’s (1994) “very little business with

each other” are statements that emphasize the importance of political relevance. On the

other hand, Maoz and Russett’s (1993) “too far apart and too weak militarily” and Cohen’s

(1994) “have no access to...each other” are examples that illustrate the indispensibility of

military relevance for dyads’ involvement in conflict. Finally, the political-military relevance

interpretation well captures Starr’s (1978) explanation of opportunity. He writes that “Op-

portunity means that interaction exists between individuals of one nation state and those

of another so that it is possible for conflicts to arise − and to arise over values potentially

important enough to warrant the utilization of violent coercive action by one or both” (p.

368). Military relevance and political relevance are the key components implied from his

explanation of opportunity.

3 The Split Population Binary Choice Model

As discussed, this study takes a different approach than the direct measure of political-

military relevance to deal with irrelevant dyads: it employs a split population binary choice

model. Clark and Regan (2003) lay out an extensive discussion of the advantage of using

split population models rather than the direct identification method to address unobservable

opportunity, or unobserved relevance. This study does not conduct any further theoretical

comparison or contrast between the two different approaches.11

Split population models, sometimes called zero-inflated or cure models, have found im-

portant applications in various academic fields. In economics and statistics, for example,
10Conflict of interest is not a sufficient condition for conflict because cooperation similarly assumes the

presence of conflict of interest (p. 53).
11Another strand of literature on resampling techniques (e.g., Achen 1999; King and Zeng 2001) has little

to do with handling dyads with logical zero probability of conflict: these techniques do not undertake the
task of differentiation between irrelevant dyads and relevant dyads not experiencing conflict.
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scholars have extensively examined split population count models and duration models.

Mullahy (1986), Lambert (1992), Greene (1994), and Hall (2000) analyze split population

count models (e.g., Poisson and Negative Binomial), in which the zero outcome has two

plausible data generating processes. Schmidt and Witte (1989) apply this split population

technique to survival models to sort out certain cases that would never experience failure.

Split population models also have interesting applications in political science. As previ-

ously discussed, Clark and Regan (2003) use a split population duration model to examine

opportunity and willingness to fight. In addition, Clark (2003) presents a split population

Poisson model to analyze the U.S.’s opportunity and willingness to use force in the context

of American diversionary behavior. Employing a split population duration model, Hettinger

and Zorn (2005) examine congressional responses to the U.S. Supreme Court by separating

“the factors that lead to the event itself (that is, the presence or absence of an override in

a particular case) from those that influence the timing of the event” (p. 5).

The key feature of a split population model is the assumption that a proportion of the

observations are experiencing a DGP different from the prescribed DGP (e.g., Poisson). For

example, in a split population Poisson model the zero outcome has two feasible DGPs: it

is generated by a Poisson DGP or it is from the additional DGP in which a zero outcome

is generated with probability one. Put another way, a proportion of the observed zeros do

not follow a Poisson: they follow a DGP that sets the outcome to be zero with probability

one. This distinct feature makes split population models especially appropriate to handle

irrelevant dyads; this group of dyads are modeled through this second DGP that sets the

probability of conflict to be zero with probability one.

3.1 Presentation of the Mathematical Model

The following presents the mathematics of a split population binary choice model to further

illustrate how this model deals with the group of irrelevant dyads. In a split population

binary choice model, the responses Y = (Y1, ...Yi, ...YN )′ are independent and each takes a
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value of 0 or 1.12 For response Yi, let

Yi ∼ 0 with probability 1− pi, and

Yi ∼ binary choice model Fi with probability pi,

where Fi is the cumulative distribution function for the binary choice model (e.g., a normal

cdf).13 The above means that, conditional on some covariates, Yi takes on the value of 0

with probability 1− pi, and is distributed as a binary choice model with probability pi. To

reiterate, the distinctive feature of a split population binary choice model is the assumption

that Yi takes the value of 0 with probability 1 − pi; without this assumption the model

reduces to a typical binary choice model. This assumption suffices to treat irrelevant dyads

differently: irrelevant dyads − specified by (1 − pi) − are assigned a zero probability of

conflict with certainty whereas relevant dyads − specified by pi − have the probability of

conflict described by a binary choice model.

Typically pi is modeled as a binary choice model. Let pi = Gi, where Gi is the cumulative

distribution function for a binary choice model. Because the zero outcome, Yi = 0, is also

generated from the binary choice model Fi, we have

Yi = 0 with probability (1−Gi) + Gi(1− Fi), and

Yi = 1 with probability GiFi,

under the assumption that Gi and Fi are independent. In the above, Fi and 1 − Fi are

rescaled by Gi to ensure that one important axiom of probability holds: the probabilities
12One example is the data of militarized interstate conflict onset, in which each observation takes a value

of one (a MID onset occurs) or zero (a MID onset does not occur).
13The above is a slight modification of the typical setup of split population models. In general, a split

population model assumes

Yi ∼ 0 with probability pi, and

Yi ∼ binary choice model Fi with probability 1− pi.

Apparently these are two mathematically equivalent ways that give the same statistical inference. The only
difference, however, is the interpretation of signs of the estimated parameters in one equation.
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of all outcomes sum to one. This suggests that the zero outcome has two plausible DGPs:

one corresponds to 1−Gi and the other to 1− Fi. In the empirical analysis of conflict the

observed zeros represent irrelevant dyads − indicated by (1−Gi) − and relevant dyads not

experiencing conflict − indicated by Gi(1− Fi).

The foregoing model builds upon an implicit assumption of split population models: the

independence between Gi and Fi. This simplification is critical to more complicated split

population models because it quickly becomes infeasible to write out the joint distributions

of the two DGPs without this independence assumption. For example, in a split popula-

tion Poisson model, it is mathematically intractable to write out the joint distribution of

two random variables where one has a logistic distribution and the other follows a Poisson

without assuming independence. In the case of a split population binary choice model, how-

ever, this independence simplification becomes unnecessary. It is mathematically feasible

to adopt a joint distribution that allows correlation between the two DGPs (e.g., the dis-

tribution of bivariate normal or bivariate logistic). This study abandons the independence

simplification and adopts bivariate normal distribution to model the two related DGPs.14

As a result, the above model becomes

Yi = 0 with probability [1− Φ(Ziγ)] + [Φ(Ziγ)− Φ2(Xiβ, Ziγ; ρ)], and

Yi = 1 with probability Φ2(Xiβ, Ziγ; ρ),

where Φ is the standard normal cdf, Φ2 is the bivariate standard normal cdf, and ρ is

the correlation coefficient. In addition, Zi and Xi are vectors of covariates that affect the

likelihood of relevance and probability of conflict, respectively. In this model, irrelevant

dyads are represented by [1 − Φ(Ziγ)] while relevant dyads not experiencing conflict are

described by [Φ(Ziγ)− Φ2(Xiβ, Ziγ; ρ)].
14It uses a bivariate normal distribution simply because this distribution is frequently used.
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A simplification of the above model generates

Yi = 0 with probability 1− Φ2(Xiβ, Ziγ; ρ), and

Yi = 1 with probability Φ2(Xiβ, Ziγ; ρ),

which is mathematically equivalent to a bivariate probit model with partial observability.

First discussed by Poirier (1980), a bivariate probit with partial observability is appropriate

in cases like the following example: For a two member committee under unanimity rule

and anonymous voting, outsiders observe either a bill passes (both members vote “yes”) or

it fails (either or both vote “no”), but they are not able to differentiate among the three

possibilities in the case where a bill fails (Meng and Schmidt 1985).15 The implication for the

identification of the split population model is that we need some restriction that affects only

one of the equations − the identification condition suggested by Poirier (1980) to identify a

bivariate probit model with partial observability. Nevertheless, the split population binary

choice model has a different theoretical motivation: it is applied to model two sequential

rather than parallel processes. The presence of conflict implies the presence of relevance; the

case in which conflict occurs while relevance is absent does not exist in the split population

binary choice model.

It has emerged from the discussion that the split population binary choice model ad-

dresses an underlying estimation structure matched with the one described by the traditional

bivariate probit selection model (e.g., Reed 2000; Signorino 2002). Both models explicitly

or implicitly assume two stages of estimation: 1) all the observations are employed to de-

termine the probability of being in the selected sample − relevant dyads in this study and

dyads experiencing conflict onset in Reed (2000); and 2) the selected sample is used to

assess the quantity of interest − the probability of conflict onset and the probability of

conflict escalation in the two studies, respectively. Nevertheless, the confrontation of an un-

observable selected sample (e.g., relevant dyads out of all dyads) makes the split population
15A limited number of applications of bivariate probit with partial observability are found in the political

science literature (e.g., Przeworski and Vreeland 2000; Vreeland 2003; Stone 2007).

12



model the only appropriate choice: the bivariate probit selection model is technically not

applicable in the presence of missing data information on one of the dependent variables.16

This distinction between the two dictates the employment of the split population model

rather than the selection model in the case of handling unobservable relevance.

As a final step, the log likelihood function of the split population binary choice model

is the following:

lnL =
N∑

i=1

YilnΦ2(Xiβ, Ziγ; ρ) +
N∑

i=1

(1− Yi)ln[1− Φ2(Xiβ, Ziγ; ρ)].

Estimates of β, γ, and ρ may be obtained through maximum likelihood estimation.17

3.2 Marginal Effects

Since the two sets of covariates employed in the estimation of a split population binary

choice model can share certain common elements, it is desirable to examine marginal effects

of these common covariates on the predicted probability of Y in the case Pr(Y = 1) is our

research interest. This is in conformity with the observation that coefficients are difficult

to interpret in nonlinear models. The following shows the marginal effects of covariates on

Φ2(Xβ,Zγ; ρ) with its results partly based upon the relevant discussions in Christofides et

al. (1997) and in Greene (2008, pp. 817-821).

Let Q be the vector of distinct covariates included in X and Z and δj be the corre-
16The log-likelihood function of the bivariate probit selection model is the following:

lnL =
N∑

i=1

(1− Yi1)ln[1− Φ(Ziγ)] +
N∑

i=1

Yi1(1− Yi2)ln[Φ(Ziγ)− Φ2(Xiβ, Ziγ; ρ)]

+
N∑

i=1

Yi1Yi2lnΦ2(Xiβ, Ziγ; ρ),

where Y1 and Y2 are the two dependent variables. This model requires data information on Y1, which is the
measure of relevance in the dyadic analysis of conflict. This is in contrast with the split population model,
which has only one dependent variable.

17This model can be implemented using the “biprobit” command with the “partial” option in the statistical
package Stata.
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sponding vector of parameters, where j = 1, 2. Thus, Xβ = Qδ1 and Zγ = Qδ2, where δ1

(δ2) contains all the elements of β (γ) and possibly some zeros in the positions of covariates

that appear only in Z (X). As a result, Φ2(Xβ,Zγ; ρ) = Φ2(Qδ1, Qδ2; ρ). The marginal

effect of a variable Qk that appears in both equations is

∂Φ2(Qδ1, Qδ2; ρ)
∂Qk

= Φ(
Qδ1 − ρQδ2√

1− ρ2
)φ(Qδ2)δ2k + Φ(

Qδ2 − ρQδ1√
1− ρ2

)φ(Qδ1)δ1k.

As can be seen, the marginal effect of Qk is composed of two parts. Since Φ(.) and φ(.) are

nonnegative, the sign of the derivative is determined by two parameters: δ1k and δ2k. The

interesting cases are the ones in which the sign of the derivative switches as Qk changes.

For example, given δ1k and δ2k have opposite signs, it is possible to observe such a case.18

When this occurs, we observe a non-monotonic relationship between Qk and Pr(Y = 1).

This result implies that the estimated coefficient of Qk from probit based on the sample of

all dyads would be completely misleading, because a monotonic relationship is suggested

for an underlying non-monotonic relationship.

4 An Application: The Trade Conflict Relationship Debate

The introduced split population binary choice model deals with irrelevant dyads in the

dyadic analysis of conflict with binary dependent variables. One effective way to show

improvements made by the split population binary choice model is by comparing two groups

of results: one from probit based on the sample of all dyads and the other from the split

population model. Such a comparison is meaningful and critical because the initial inquiry

is about the consequences of not taking into account irrelevant dyads and on how to sort

out this distinct group of dyads in the analysis of conflict. Another empirical comparison is

between the split population model and probit based on the sample of politically relevant
18In this example, the net marginal effect is determined by the relative magnitude of the two parts.
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dyads.19 This study uses the example of the trade conflict debate to illustrate a potentially

biased statistical inference associated with these two traditional methods.

4.1 Introduction to the Trade Conflict Debate

An academic debate exists as to whether or not trade has a pacifying effect on international

conflict. Since Polachek’s (1980) seminal work, a great deal of empirical investigation of

the trade-conflict relationship have concluded that trade has a pacifying effect on conflict.

Barbieri (1996), on the other hand, shows that trade interdependence increases the proba-

bility of conflict, as indicated by the results obtained in three of her models. In the Salience

and Interdependence models, her findings show that neither a salient trading relationship

nor high levels of interdependence inhibit conflict. Further, in considering the additive and

interactive effects of the separate dimensions of interdependence in model 4, her results

indicate that the “overall effect of the model produces a higher probability of conflict when

interdependence rises” (p. 40).

Many follow-up studies have attempted to reconcile these different findings. For exam-

ple, Oneal and Russett (1999) find that trade still reduces conflict by constructing the lower

and higher trade-to-GDP ratios in place of Barbieri’s trade share measure and by introduc-

ing new controls for geographic distance. Gartzke and Li (2003) see the different results

as a matter of variable construction with Barbieri’s trade share capturing “the degree to

which a state is disconnected from world trade [while] Oneal & Russett’s measure reflects

aspects of both trade concentration and dyadic economic openness” (p. 556). Xiang et

al. (2007) propose that the measures of states’ military power are missing in the estimated

trade conflict statistical models; by omitting power variables in Barbieri’s models the coef-

ficient of trade has been positively overestimated. After correcting for the omitted variable

bias − adding the power variables − trade turns out to reduce the probability of conflict in

Barbieri’s regression model.
19This second empirical comparison serves to illustrate erroneous inferences associated with an incorrect

sample of relevant dyads.
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One common drawback associated with these analyses is that they employ the traditional

binary choice model based on the sample of all dyads in the empirical analysis to varying

degrees.20 As a result, these analyses may generate biased inferences because they fail to

exclude irrelevant dyads. The following statistical analysis shows that this issue of sample

selection underlies the mixed findings in existing research.

4.2 Research Design

To facilitate my research investigation, I closely follow the literature to build the statistical

model. The unit of analysis is dyad-year. This study covers the years 1870-1992 to match

Barbieri’s trade data. The dependent variable is the onset of Militarized Interstate Disputes

(MIDs), excluding any ongoing MIDs from the sample.21 The data adopted are Zeev Maoz’s

dyadic MIDs (revised DYMID1.1). The dependent variable is coded 1 if a threat, display,

use of force, or war is initiated in a dyad-year, and 0 otherwise.

The independent variables that model conflict onset include Salience trade, Major Power,

Alliance, Contiguity, Joint Democracy, Relative Capabilities, and Distance. This study em-

ploys salience trade as the measure of trade because a great deal of the trade conflict debate

centers on it. This variable is defined as the square root of the product of two trade shares,

where trade share is the ratio of dyadic trade over total trade for each state in a dyad.22

The formula of this trade measure is as follows:

Salience tradeij =

√
DyadicTradeij

TotalTradei
∗

DyadicTradeij

TotalTradej
.

Major Power is a dummy variable, coded 1 if either or both states within a dyad are defined

as major power by the COW and 0 otherwise. This variable is adopted to capture the
20Politically relevant dyads are employed in some of these studies to corroborate the findings based on all

dyads. The illustrated problems with directly identifying relevance, however, undermine the credibility of
these results.

21The latent variable political-military relevance is estimated by the model.
22Another widely used trade measure emphasizes the importance of evaluating trade by the ratio of dyadic

trade over GDP (e.g., Oneal and Russett 1999; Barbieri and Peters 2003). The empirical findings based on
salience trade apply to this second trade measure as well. The relevant results are omitted to save space.
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notion that major powers are more conflict prone. Alliance is a dummy variable that equals

1 if states have a mutual defense treaty, a neutrality pact, or an entente, and 0 otherwise.

Allied states are expected to have less conflict. Contiguity is another dummy variable,

equal to 1 when states within a dyad share a land border or are contiguous across up to 150

miles by water, and 0 otherwise. It is expected that contiguous states are more likely to be

involved in conflict. Joint Democracy is defined as a product of two transformed regime-

type scores, with its data from Polity IV.23 The democratic peace argument proposes a

negative relationship between joint democracy and the likelihood of conflict involvements.

Relative Capabilities addresses the hypothesis that the more unbalanced the powers, the

less likely they are to engage in conflict. The variable is the natural logarithm of the relative

capability of the stronger state over the weaker, measured in terms of their CINC scores.24

Distance is calculated as the natural logarithm of the distance between two states’ capitals

or major ports for the largest states. It is expected that states with greater distance between

their capitals are less likely to engage in conflict. The data for all independent variables

are downloaded from the Expected Utility Generation and Data Management Program

(EUGene, Version 3.200). Finally, this study creates the Peace Year variable as well as its

square and its cubic terms to control for duration dependence following the work by Carter

and Signorino (2007); Beck, Katz, and Tucker (1998) propose that temporal correlation in

the binary dependent variable causes duration dependence.

An important simplification made in this study is to use the same covariates that affect

the probability of conflict onset to model political-military relevance. The exception is

the variables used for control of duration dependence; they only appear in the equation

modeling conflict onset. Two points are important here. First, the variables used for control
23 Jaggers and Gurr (1995) define REGIME TYPE=DEMOCRACY-AUTOCRACY, which ranges from

-10 (least democratic) to 10 (most democratic). In order to maintain consistency with the method used in
Barbieri (1998), this study follows Oneal and Russett (1999) to normalize regime type to be nonnegative
by the addition of 10 rather than 11 to each regime type score. Although adding 10 induces problems for
the regime type score -10, the results change only marginally when 11 is added instead (Oneal and Russett
1999).

24The CINC scores stand for the Correlates of War (COW) Composite Index of National Capabilities
scores, which measure each state’s share of the interstate system’s total military, industrial, and demographic
resources (Bremer 1980).
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of duration dependence are the identification restriction. It is expected that the duration

dependence in relevance should differ from the duration dependence in conflict if the former

exists, because the interval between two conflict onsets is unlikely to matter for whether

two states are relevant states. Second, the same independent variables are used to model

the relevance equation since none of these variables is truly exogenous to political-military

relevance.25

4.3 Empirical Analysis

Since the main research goal of this empirical analysis is to compare the results of probit

based on the sample of all dyads with those from the split population binary choice model,

this study estimates the same conflict equation employing both approaches and presents

the results from both methods side by side. The estimation results are presented in table 1.

In the table, model 1 shows the results for probit based on all dyads and model 2 presents

the results for the split population binary choice model that also uses all dyads.26

[Table 1 about here.]

First, notice that in model 1 trade has a positive but statistically insignificant coefficient.

This result is inconsistent with the majority finding in the literature that shows trade has

a pacifying effect on international conflict. Nevertheless, this result lends no support to

Barbieri’s (1996) conclusion that trade is conflict prone based on the same trade measure.

Indeed, model 1 presents an inconclusive finding of the effect of trade (p-value = 0.73).

The coefficient of trade in model 2, however, shows the opposite prediction: trade has

a pacifying effect on conflict. The coefficient is nearly statistically significant (p-value =

0.13). Apparently, this different finding is a result of the application of the split population

model. The results of models 1 and 2 together suggest that neglecting irrelevant dyads in
25This study does not commit to perfectly modeling the relevance equation; it rather makes a simplification

in the analysis of political-military relevance.
26The distinction is that the group of irrelevant dyads has been appropriately addressed in the split

population model.
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the analysis can lead to incorrect conclusions − conclusions that trade either is or tends to

be conflict prone.

Many of the remaining explanatory variables modeling the conflict equation also display

a great deal of differences between the two models. For example, the estimated coefficients

in model 1 are about four times as large as those in model 2 for the major power and

contiguity variables. Furthermore, the alliance variable is statistically significant in model

2 whereas it is insignificant in model 1. Finally, the distance variable is positive and sta-

tistically significant in model 2, contrasting the negative and significant finding in model

1.27 We conclude from the conflict equation that compared to the probit model, the split

population binary choice model generates quite different empirical findings. Put differently,

the traditional approach −probit based on the sample of all dyads − may fail to provide

correct statistical inferences.

The relevance equation of model 2 provides additional evidence regarding trade: trade

increases the likelihood of relevance between two states. This result makes intuitive sense

because trade may likely generate a conflict of interest. For example, consider the effect

of the balance of trade: in general the deficit state is not stratified with the surplus state,

especially in the case where the trade deficit is substantial (e.g., the U.S. and China).

Another example concerns the impact of imports on the domestic import-competing goods

sectors. These affected sectors lean toward protectionist policies that are in conflict with the

free trade policy. This revealed positive effect of trade on relevance, together with trade’s

pacifying effect on conflict, provides an alternative explanation for the sometimes observed

comovements between trade and conflict: trade has produced a great many conflicts of

interest between trading states that has not manifested a conflict itself.28

27The result regarding the distance variable in model 2 is somehow puzzling. One possible explanation
is that distance is a decisive factor in determining whether two states are a relevant dyad while it does not
have a clear-cut predicted effect on conflict.

28The conventional wisdom leans toward concluding a direct, causal relationship between trade and conflict
in the observation of comovements between the two (e.g., Waltz 1979).
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Most findings in the relevance equation are consistent with expectations. Major power

and contiguity are both positively related to the probability of relevance, echoing the notion

of politically relevant dyads. Distance, which is expected to exert the reversed effect of

contiguity, is negatively associated with the likelihood of relevance. The remaining variables

do not possess clear-cut predicted effects on political-military relevance, and this empirically

more or less appears to be the case. One advantage of adopting split population models

has become clear: rather than researchers making take-it-or-leave-it decisions in selecting

relevant observations, in split population models covariates are employed to estimate the

probability of relevance for each observation. As a final note, the correlation coefficient ρ

in model 2 fails to show statistical significance from the likelihood ratio test, suggesting

an absence of correlation between the conflict equation and the relevance equation in this

specific model.

To get additional statistical support for the split population binary choice model, this

study conducts a test for nonnested models to show that the split population model performs

better in terms of explaining the data than probit based on the sample of all dyads. The

specific test employed is Vuong’s (1989) test (see Vuong 1989 and Clarke 2001 for detailed

discussions of this test). The test statistic under the null hypothesis is asymptotically

distributed as a standard normal. Between models 1 and 2, the calculated test statistic is

about −9.194, which implies a p-value of 1.898e-20. As a result, we fail to accept the null

hypothesis that both models are equivalent at any conventional significance levels, and the

test result demonstrates strong support for the conclusion that the split population model

outperforms probit based on the sample of all dyads. This nonnested model test lends

further empirical support to the argument that the split population model outperforms

probit based on the sample of all dyads in the analysis of conflict with binary dependent

variables.29

29However, because of the large sample size it would not be surprising to have a small p-value here. As
a result, we should combine the test result with the results in table 1 to reach the conclusion that the split
population model outperforms the probit model.
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As another important empirical comparison, model 3 in table 2 presents the results of

probit based on the sample of politically relevant dyads.30 Since this study has argued

that politically relevant dyads are a flawed sample of relevant dyads, we expect to observe

estimation differences between model 2 and model 3. As can be seen, trade has a positive

and statistically significant coefficient in model 3. This finding supports Barbieri’s (1996)

conclusion that trade increases the probability of conflict, and it directly contrasts the

finding in model 2. This result is therefore more misleading than the inconclusive result

based on the sample of all dyads in model 1. Thus, rather than always providing correction

for irrelevant dyads, politically relevant dyads can potentially lead to even more misleading

statistical inferences. This pitfall comprises the most important reason to reject the use of

politically relevant dyads in the dyadic analysis of conflict.

[Table 2 about here.]

The foregoing discussions exclusively focus on comparing the coefficients of variables

from different approaches, which turn out to be insufficient even for the purpose of as-

sessing direction of effect in this case. Recall that in the presence of irrelevant dyads

our quantity of interest in examining conflict should be Pr(Conflict|Relevance), a con-

ditional mean function modeled by the conflict equation in the split population model.

However, probit based on the sample of all dyads neglects the stage addressing relevance

and as a result, it examines Pr(Conflict) instead.31 To make trade’s effects in the two

approaches comparable, it becomes necessary to examine the unconditional mean function

Pr(Conflict) in the split population model. The following equation offers the relationship
30The split population model is not estimated using politically relevant dyads because the estimation of

the relevance equation requires the sample of all dyads, not the sample of politically relevant dyads.
31The probability of conflict estimated based on the sample of politically relevant dyads is

Pr(Conflict|Relevance), despite the incorrect representation of relevant dyads. As a result, we do not need
to consider the results based on the sample of politically relevant dyads in this case.
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between Pr(Conflict|Relevance) and Pr(Conflict) in the split population model,32

Pr(Conflict) = Pr(Conflict & Relevance)

= Pr(Relevance)Pr(Conflict|Relevance).

Next this study calculates and plots the predicted effect of trade on Pr(Conflict) for

the split population model.33 In Figure 1, Pr(Conflict) is plotted against trade as the

latter changes from its minimum value to its maximum value, holding the other explana-

tory variables constant. To control for the uncertainty associated with the predicted

values, the 90% confidence interval is provided.34 As can be seen, the predicted effect

is displayed non-monotonically: trade increases Pr(Conflict) at its low levels and de-

creases it at its high levels. This result is explained by 1) Pr(Conflict) is a product of

Pr(Relevance) and Pr(Conflict|Relevance), and 2) trade increases Pr(Relevance) while it

decreases Pr(Conflict|Relevance).

[Figure 1 about here.]

The revealed non-monotonic relationship between trade and Pr(Conflict) provides one

explanation for the mixed findings in the literature. Since the split population binary choice

model takes into account the group of irrelevant dyads in the empirical analysis of conflict

onset, it generates a more accurate relationship between trade and Pr(Conflict). One of

the conventional approaches, probit based on the sample of all dyads, by chance imposes

monotonicity on an underlying non-monotonic relationship; as a result, it is not surprising

to have a positive or negative or even statistically insignificant relationship between trade

and Pr(Conflict). The dominant component, Pr(Relevance) or Pr(Conflict|Relevance),
32Mathematically, Pr(Conflict) is given by Φ2(Xiβ, Ziγ; ρ).
33We know from the estimated coefficient that the predicted effect of trade on Pr(Conflict) for probit in

model 1 is monotonically increasing. Because our research interest is the direction rather than the magnitude,
this study does not plot the predicted probability for model 1 to save space.

34The calculation of the 90% confidence interval is based on King et al.’s (2000) clarify method. It runs
5000 simulations of the parameter vector.
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determines the resulting slope to be either positive or negative.35

5 Conclusion

The presence of irrelevant dyads that are unobserved in the data pose estimation problems

for the dyadic analysis of conflict. Most existing research operationalizes the latent variable

relevance by directly identifying the group of relevant dyads, which is subject to exclud-

ing relevant dyads and plausibly including irrelevant dyads in the identified samples. In

contrast, this study employs a split population binary choice model to deal with irrelevant

dyads, as motivated by Clark and Regan’s (2003) application of a split population duration

model. The advantage of using a statistical model manifests itself in the selection of relevant

dyads: rather than researchers making take-it-or-leave-it decisions, covariates are employed

to estimate the latent variable relevance. The contribution of the proposed model lies in

that it is tailored to deal with binary dependent variables in the dyadic study of conflict.

In the theoretical respect, this study interprets the logical zero probability of conflict as an

absence of political-military relevance rather than opportunity for conflict. This interpre-

tation overcomes the logical inconsistency associated with the opportunity explanation: to

ascribe the logical zero probability of conflict solely to absence of opportunity is inconsistent

with the argument that willingness is another necessary condition for conflict.

This study applies the split population binary choice model to the trade conflict debate

as an empirical example to show the difference in results between probit based on all dyads

and the split population model. Two forms of comparison are conducted: the estimated

coefficients and the predicted Pr(Conflict). Dramatic differences are observed in each case

between the two approaches. In the former case the split population model shows that

trade increases the likelihood of relevance while decreasing the probability of conflict. In

contrast, the traditional approach suggests a positive and statistically insignificant effect of

trade on conflict. In the latter case the distinction becomes more striking. The predicted
35In the case these two components counteract each other, we get a statistically insignificant relationship.
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Pr(Conflict) against trade from the split population model is non-monotonic: it increases

at low levels of trade and decreases at high levels. This is in contrast with the predicted

Pr(Conflict) from probit based on all dyads, which is monotonically increasing in this

study. This difference in Pr(Conflict) explains the mixed findings in the existing literature

as monotonicity by chance is imposed on an underlying non-monotonic relationship.
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Table 1: Effects of Salience trade on Militarized Interstate Dispute Onset, 1870-1992
Independent Variables Model 1 Model 2
Conflict Equation
Salience trade .114 −.645

(.329) (.431)
Major Power .768∗ .187∗

(.033) (.063)
Alliance −.003 −.104∗

(.034) (.043)
Contiguity .950∗ .226∗

(.038) (.081)
Joint Democracy −.001∗ −.001∗

(.0001) (.0002)
Relative Capabilities −.064∗ −.046∗

(.010) (.015)
Distance −.092∗ .059∗

(.016) (.026)
Peace Year −.077∗ −.090∗

(.004) (.005)
Peace Year2 .002∗ .002∗

(.0001) (.0002)
Peace Year3 −.00001∗ −.00001∗

(1.20e-06) (1.39e-06)
Constant −1.506∗ −1.404∗

(.130) (.192)
Relevance Equation
Salience trade 31.420∗

(4.765)
Major Power 1.327∗

(.110)
Alliance .156

(.147)
Contiguity 2.897∗

(.541)
Joint Democracy .0001

(.0005)
Relative Capabilities −.067∗

(.029)
Distance −.291∗

(.064)
Constant −.093

(.604)
ρ .161

(.148)
Number of Observation 137,314
Log-likelihood −4838 −4580
Note: ∗p ≤ .05. Standard errors are in parentheses.
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Table 2: Effects of Salience trade on Militarized Interstate Dispute Onset, Politically Rele-
vant Dyads, 1870-1992
Independent Variables Model 3
Conflict Equation
Salience trade .947∗

(.340)
Major Power .200∗

(.052)
Alliance −.021

(.037)
Contiguity .492∗

(.054)
Joint Democracy −.001∗

(.0001)
Relative Capabilities −.099∗

(.011)
Distance −.001

(.019)
Peace Year −.084∗

(.004)
Peace Year2 .002∗

(.0001)
Peace Year3 −.00001∗

(1.29e-06)
Constant −1.372∗

(.150)
Number of Observation 33,412
Log-likelihood −3895
Note: ∗p ≤ .05. Standard errors are in parentheses.
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Figure 1: Marginal Effects of Trade on Predicted Pr(Conflict) with the 90% Confidence
Interval.
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