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Multivariate Poisson for Count data and Composite In order to reduce the computational effort of maximizing Comparing boxplotsfor 81 Comparing boxplots for 62 Further considerations of the concept are:
Likelihood concept the proposed CL likelihood, we introduce a technique that - E - 71 3 o - o » The sampling concept needs to be stud-
Let X = (X1, Xy, ..., X,,)" be a vector of random variables uses sampling to the pairwise bivariate Poisson pmf’s as YT R ied further for mixtures of Multivariate
which follows a Multivariate Poisson distribution with pa- described in the simulation study below. The idea is to * Tl QFI: Ll L Poisson and with the use of EM & ECM
rameters 6 = (01,0,...,0,). Assume the transformation: reduce the number of pairs need to be evaluated. We «]® ¥ 3 il AR ERE algorithm.
AX =Y whereY = (Y1, Y5, ....Y,), g =m + ( ) > m and present preliminary results based on simulation. L. T = 8 e « Extend the results to other multivariate
Y, ~ Poisson(0,),r =1, ..., q. 123 405 123 45 S o
' 7 P _ . _ : : distributions such as multivariate normal
A = [Ay, As]is am x g matrix where A, is the identity matrix Simulation study SOMEIINITERENR MR or copula based multivariate models: all
with dimension m and A, is an m X (m —1)/2 matrix where I el B E T we need is the bivariate marginal models
each Ofll’[S columns contain exactly 2 ones qnd there/ar.e Assume X = (Xl., Xo, X3) ~ MPg(el,02,93,912,913,923) HH_ ol _ ) ;HEr - Extend the results to other mixtures of
no duplicate columns. The generating function of X's is and the marginal log likelihoods Iqf. = v | e e ST
. . . | A N LRI distributions as for example to case of
given by the following expression: log(BPy( X, Xufuj)) (3), u; the corresponding 6's re- B2 E i H py” =" 8 models with Copulas for mixed mode
lated to the random vector, j = 1,2, 3. L . .
o) = ed 30s =1+ 32 3 o, | - e -
t=1=t+l Model 1: Maximize the full likelihood of equation 1 of the Comparing boxplotsfor 813 Comparing boxplots for 823 ) Examme/denve the Propertle_s of the es-
where s = (s1, S9, ...S;,) and marginal distributions can be 3-variate poisson. S T .& timators based on this sampling
found by setting s: = 1 to the appropriate index I. The joint Model 2: Maximize the full composite likelihood of equa- NFN S ! EIREEN
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