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n this project, we present a novel approach to modeling MARCH 2001 DECEMBER 2012
now relational data structures evolve. The core of our ap- ' '

oroach is a bilinear network autoregression model through

which we can estimate the effects of endogenous and ex-

ogenous covariates, and construct a parameter space of

how actors in this system are influencing one another.

Within this framework we also provide a mechanism to

assess what drives how influential certain actors are for

others in the network. We employ this approach to un-

derstanding the evolution of material conflict within the
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Additional variables can be accommodated by: Dyadic
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In our case Y is a times series of count matrices,
thus we model y; ; ; ~ Poisson(e##i:t), where g; ; ; =
log(yi,5,6—1 +1).
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We use an iterative block coordinate descent
method for estimation of 6,  and 5. Given initial
values of j3, iterate the following until convergence: 25
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