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A Coding Rules

Our outcome variables, intervention on the side of the government and intervention on

the side of the opposition, are coded based on the “target of intervention” variable in

Regan’s dataset (2002). “Target” is originally a nominal variable coding three types of

intervention: intervention on the side of the government, on the side of the opposition,

and “neutral” interventions. We do not model the latter.

Rivalry with the civil war country is a dummy variable, coded as 1 if the potential

intervener is a rival of the civil war country during the period of observation, according

to Klein, Goertz, and Diehl’s (2006) criteria.

Rivalry between potential and actual intervener are two dummy variables indicating

rivalry between the potential intervener and actual intervener(s) on the side of the

government, and on the side of the opposition likewise. The criteria and source of data

for rivalry are the same as above.

Alliance with the civil war country is a dummy variable, coded as 1 if the potential

intervener is allied to the civil war country via a formal defense or neutrality pact, or

entente during the period of observation. Alliance data are obtained from the Corre-

lates of War (COW) Alliance Data (Gibler and Sarkees 2004).

Alliance between potential and actual intervener are two dummy variables indicating

alliance ties between the potential intervener and actual intervener(s) on the side of the

government, and on the side of the opposition likewise. The criteria and source of data

for alliance relations are the same as above.

Geographical Contiguity is a dummy variable, coded as 1 if the potential intervener

and civil war country are geographically land contiguous to one another. Contiguity

data are obtained from the COW Contiguity Data (Stinnett, Tir, Schafer, Diehl, and

Gochman 2002).
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Colonial History is a dummy variable, coded as 1 if the potential intervener was

previously the colonizer of the civil war country. The data are obtained from the Issue

Correlates of War (ICOW) Colonial History Data (Hensel 1999).

Major Power status is a dummy variable, coded as 1 if the potential intervener is

designated by the COW Project as a major power during the period of observation.

Cold War is a dummy variable, coded as 1 if the conflict began before 1989.

Same Region is a dummy variable, coded as 1 if the potential intervener and civil

war country are located in the same region, as defined by the COW Project.

Capability Ratio is the ratio of the potential intervener’s Composite Indicator of Na-

tional Capability (CINC; Singer 1987) score to the civil war country’s CINC score. The

base-10 logarithm transformation is taken. Version 3 of the CINC data is used.

Joint Democracy is a dummy variable, coded as 1 if both the potential intervener and

civil war country score 6 or higher on the Polity scale. Regime type data are obtained

from the Polity 4 project (Marshall and Jaggers 2004).

Ethnic: Opposition groups are coded as ethnic based on Gurr’s Minority At Risk

classification (1993). The data are obtained from Regan (2002).

Ideology: Opposition groups are coded by Regan (ibid.) as being ideological if the

conflict revolves around contesting the dominant political or economic ideology.

Fatalities: Data on the levels of fatalities incurred over the course of the civil conflict

are obtained from the Uppsalla/PRIO Battle Deaths Data (Lacina and Gleditsch 2005).

The base-10 logarithm transformation is taken.

Refugees: Data on the number of refugees fleeing from the civil war country are

obtained from Moore and Shellman’s (2004) dataset on forced migration. The base-10

logarithm transformation is taken.
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B “Mixture Cure” Survival Models

Standard survival models assume that all cases will eventually “fail”, given enough

time (Box-Steffensmeier and Jones 2004, 148–149); right-censored cases are simply those

that have yet to fail. In the context of our analyses, this is tantamount to assuming that

each and every outside state will intervene in the civil war sooner or later, should the

conflict persist long enough. We contend, however, that some countries will never in-

terfere in the affairs of other states because they are either unwilling to, or incapable

of doing so. This suggests there are in fact two subpopulations within the total pop-

ulation of outside states—one comprising states that will eventually intervene, and

another comprising states that will never do so. These two subpopulations are, using

biostatistics terminology, the “uncured” and “cured fractions” respectively.

The existence of a cured fraction further implies two major sources of variation in

third party intervention into civil wars: variation in (1) whether outside states will

intervene eventually (or not), and (2) the timing of intervention among the countries

that will intervene. Thus we are interested in modeling, as functions of covariates,

both the probability of eventual intervention, and the hazard of (or duration until)

intervention (conditional upon the expectation that intervention will occur). Because

standard survival models only model the hazard or duration, we estimate “mixture

cure” survival models instead. Mixture cure models contain the usual hazard or dura-

tion analysis component—found in all survival regression models—and an additional

binary regression component for estimating the probability of eventually experiencing

the event.

B.1 Overview of Remainder of this Appendix

Our presentation of mixture cure models proceeds as follows: We first define its mix-

ture survivor, cumulative distribution, probability density, and hazard functions. This
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is followed by overviews of maximum likelihood estimation of parametric cure mod-

els, and the functional form of the lognormal model estimated in our paper. We then

discuss estimation of the semiparametric Cox cure model using the expectation max-

imization (EM) algorithm.1 Our presentation draws on Farewell (1982), Peng (2003),

Peng and Carriere (2002), Peng and Dear (2000), Sy and Taylor (2000), Sposto (2002),

and Treasure (2000).

B.2 Mixture Functions of T

Let T denote the observed duration, and U the binary indicator of whether the event

will eventually occur (U = 1, i.e., being uncured), or not (U = 0). A fraction of the total

population, π, will eventually experience the event (0 < π < 1), while the remainder

(1− π) will not. We follow the current literature on mixture cure models (e.g., Peng

2003; Sposto 2002), in which the survivor function is the first of the functions of T to be

introduced. The mixture survivor function for the total population is

S(t) = πSu(t) + (1− π)S−u(t), (1)

where Su(t) and S−u(t) are the (conditional) survivor functions for the uncured and

cured fractions, respectively. By definition, none of the cases in the cured fraction will

experience the event, even as t→ ∞, so S−u(t) remains at unity throughout (Peng and

Dear 2000, 237). Thus (1) simplifies to

S(t) = πSu(t) + (1− π), (2)

and it can be seen that (1) and (2) reduce to the usual survivor function if all cases will

eventually experience the event (i.e., S(t) = Su(t) when π = 1).

1We do not estimate the Cox cure model, but we suspect readers will be interested in this particular
estimator, so we also present it for the sake of completeness.
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The other functions of T that are relevant to our discussion are its

mixture cumulative distribution function (CDF)

F(t) = 1− S(t)
= π − πSu(t)
= πFu(t),

mixture probability density function (PDF)

f (t) =
dF(t)

dt

= π
−dSu(t)

dt
= π fu(t),

and mixture hazard function

h(t) =
f (t)
S(t)

=
π fu(t)

πSu(t) + (1− π)
.

We can also make use of the above to express S(t) and f (t) as

S(t) = 1− F(t)
= 1− πFu(t)

and

f (t) = h(t)S(t)
= πhu(t)Su(t).

These functions also reduce to their usual forms when π = 1. (Note also that because

we assume the conditional survivor function for the cured subpopulation S−u(t) re-

mains at unity even as t → ∞, its derivative must be zero, which further implies that

the hazard faced by the cured fraction is also zero.)

We now introduce covariates into the discussion, as we are interested in their effects

on the probability of being uncured and the hazard of failure. For example, the mixture
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survivor function for the total population, modeled by covariates is

S(t|x, z) = π(z)Su(t|x) + [1− π(z)]

= 1− π(z)Fu(t|x),

where Su(t|x) = P(T > t|U = 1, x) and Fu(t|x) = P(T ≤ t|U = 1, x) are the survivor

and cumulative distribution functions respectively for the uncured cases, given a co-

variate vector x, and π(z) = P(U = 1|z) is the probability of being uncured given a

covariate vector z (which may, but need not include the same covariates as x).

B.3 Maximum Likelihood Estimation of Parametric Mixture Cure Models

Each case contributes data in the form (ti, δi, xi, zi), i = 1, 2, . . . , n, where ti denotes the

observed duration for the ith case, δi is the binary indicator that takes value 1 if ti is un-

censored and 0 otherwise, and (xi, zi) are observed values of the two covariate vectors.

Also define β and γ as the vectors of parameters relating to x and z, respectively. The

likelihood function for the parametric cure model can be constructed from its standard

expressions (e.g., Box-Steffensmeier and Jones 2004, 39)

L =
n

∏
i=1

[
f (ti)

]δi
[
S(ti)

]1−δi

=
n

∏
i=1

[
f (ti)

]δi
[
1− F(ti)

]1−δi

by substituting in the mixture formulations of the functions of T

L(β, γ) =
n

∏
i=1

[
π(zi) fu(ti|xi)

]δi
[
π(zi)Su(ti|xi) + [1− π(zi)]

]1−δi

=
n

∏
i=1

[
π(zi) fu(ti|xi)

]δi
[
1− π(zi)Fu(ti|xi)

]1−δi
(3)

(e.g., Peng and Dear 2000, 238).
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B.4 The Lognormal Mixture Cure Model

Our analyses of our interventions dataset indicate that the lognormal distribution is

more appropriate than alternatives like the exponential and Weibull in characterizing

the underlying hazard of intervention. The lognormal CDF for the uncured fraction is

Fu(t) = Φ
(

ln[(λt)α]
)

,

where Φ(·) is the standard normal distribution function, λ is the scale parameter that

determines the failure rate, and α is the shape parameter (Sposto 2002, 297). The

lognormal mixture CDF and PDF modeled by covariates, with λ reparameterized as

λ = exp(x′β), are therefore

F(t) = π(z)Φ[αx′β + α ln(t)] (4)

and

f (t) = π(z)
dΦ[αx′β + α ln(t)]

dt
(5)

respectively. The likelihood function for the lognormal mixture cure model is obtained

by substituting (4) and (5) into (3). The probability of being uncured can be modeled

through appropriate functions, such as the logistic distribution function

π(z) = [1 + exp(−z′γ)]−1

(i.e., logit regression; Sposto 2002, ibid.). The maximum likelihood estimates of α, β,

and γ can be found via numerical algorithms like Newton-Raphson (Farewell 1982,

1042).
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B.5 The Semiparametric Mixture Cure Model

A semiparametric survival model has the advantage of not requiring/imposing dis-

tributional assumptions about the underlying distribution of failure times. Kuk and

Chen (1992) have developed the semiparametric mixture cure model, in which the fail-

ure time portion is the ubiquitous Cox Proportional Hazards model (also see Peng and

Dear 2000, and Sy and Taylor 2000).

The semiparametric hazard, survivor, and probability density functions for the un-

cured fraction are

hu(t) = hu0(t) exp(x′β),

Su(t) = Su0(t)exp(x′β),

and

fu(t) = hu(t)Su(t)

= hu0(t) exp(x′β)Su0(t)exp(x′β)

respectively, where hu0(t) and Su0(t) are the unspecified baseline hazard and survivor

functions, respectively, for the uncured fraction. Therefore the likelihood function [re-

fer back to (3)] for the semiparametric mixture cure model can be expressed as

L(β, γ) =
n

∏
i=1

[
π(zi)hu0(ti) exp(x′iβ)Su0(ti)

exp(x′i β)
]δi

×
[
π(zi)Su0(ti)

exp(x′i β) + [1− π(zi)]
](1−δi)

(6)

(e.g., Sy and Taylor 2000, 228).

It may appear relatively straightforward from hereon to obtain estimates of β and γ.

But this is not so, for the following reasons: First, it is not possible to maximize (6) using
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standard maximum likelihood methods, because hu0(t) and Su0(t) are nonparametric

(Treasure 2000, 4).

Second, maximum partial likelihood estimation is also encumbered, because we do

not know exactly what cases belong to the uncured fraction. Recall that U is the binary

indicator of whether the case is uncured (U = 1) or cured (U = 0). If δi = 1, then we

know ui = 1. But if δi = 0, then ui is not observable and can take on either values 1 or 0

with P(ui = 1|zi) = π(zi). In other words, one cannot know for sure whether a right-

censored case is really uncured and at risk, or cured and not at risk. We are thus unable

to construct the requisite k partial likelihood “risk sets” containing only the remaining

uncured cases, at each of the k successive distinct failure times, t1 < t2 · · · < tk (ibid.).

Third, and as a consequence of the difficulty in constructing the risk sets, hu0(t) can-

not be canceled out of the partial likelihood. Sy and Taylor further note that “[u]nlike

in the [standard Cox] PH model where little information is lost by eliminating S0(t),

one cannot eliminate [Su0(t)] in the estimation without losing information about [γ]”

(2004, 228).

B.6 EM Algorithm for the Semiparametric Mixture Cure Model

As can be seen from above, estimation of the semiparametric cure model would be

much easier if we could discern the latent cured/uncured status of right-censored

cases, which means there is full observability of U. Note, in fact, that if this were

indeed the case, we could then estimate parameters using the complete data likelihood

function given the vector u = (u1, . . . , un)′

L(β, γ|u) =
n

∏
i=1

[
π(zi)

]ui
[
1− π(zi)

]1−ui
[

hu(ti|xi)
]δi
[
Su(ti|xi)

]ui
(7)

(e.g., Peng 2003, 483).
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Sy and Taylor (2000) and Peng and Dear (2000) propose employing the expectation

maximization (EM) algorithm, hence dealing with the problem of partial observability

of u by substituting with its conditional expectation at each iteration of the algorithm

instead. The EM algorithm starts with initial values (β(0), γ(0)). The E-step in the

(r + 1)th iteration calculates the expectation of (7) with respect to u, conditional on

the observed data and (β(r), γ(r)), the estimates of (β, γ) at the rth iteration. This is

equivalent to calculating the conditional expectation of ui:

p(r)i = E(ui|β(r), γ(r))

= P(ui = 1|β(r), γ(r))

= δi +

[
(1− δi)

π(zi)Su(ti|xi)

1− π(zi) + π(zi)Su(ti|xi)

]
, (8)

which is also the rth estimator of the probability of the ith case being uncured. Define

the vector p(r) = (p(r)1 , . . . , p(r)n )′. The M-step in the (r + 1)th iteration maximizes the

conditional expected complete log-likelihood function with respect to (β, γ), to obtain

(β(r+1), γ(r+1)). This function is the sum of

ln L1(β|p(r)) =
n

∑
i=1

[
p(r)i ln Su(ti|xi) + δi ln hu(ti|xi)

]
(9)

and

ln L2(γ|p(r)) =
n

∑
i=1

[
p(r)i ln π(zi) + (1− p(r)i ) ln(1− π(zi))

]
. (10)

(9) and (10) can be maximized separately. The algorithm is iterated until convergence.

See Peng (2003), Peng and Carriere (2002), Peng and Dear (2000), and Sy and Taylor

(2000) for more specific details on estimating the semiparametric cure model using the

EM algorithm.
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