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Abstract

Cabral et al. (2012) defined a mixture model of multivariate skew 7-distributions(STMM), and proposed the
use of an ECME algorithm (a variation of a standard EM algorithm) to fit the model. Their estimation by the
ECME algorithm is closely related to the estimation of the degree of freedoms in the STMM. With the ECME,
their purpose is to escape from the calculation of a conditional expectation that is not provided by a closed
form; however, their estimates are quite unstable during the procedure of the ECME algorithm. In this paper, we
provide a conditional expectation as a closed form so that it can be easily calculated; in addition, we propose to
use the ECM algorithm in order to stably fit the STMM.

Keywords: Multivariate skew z-distribution, mixture model, ECME algorithm, ECM algorithm, estima-
tion of degree of freedom.
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Table 1: Comparison of Various methods for AIS data. Etime indicates the execution time measured in
second.)

STMM-AzDv STMM-Sahu
2 ECM(equal DF) ECME(equal DF) ECM(unequal DF) EM-MC(unequal DF)
male female male female male female male female
b 0.501 0.499 0.597 0.403 0.42 0.58 0.41 0.59
il 21.81 20.36 22.37 20.18 22.55 19.95 22.47 19.89
Uiz 6.15 15.26 6.13 13.87 7.25 15.82 7.30 15.50
0'1.2l 5.95 7.85 5.74 7.08 3.30 3.83 3.23 2.96
o'l.z2 9.26 34.58 26.35 41.05 2.15 25.60 2.14 25.80
T2 5.96 11.85 9.18 12.94 1.35 6.19 1.34 6.17
dil 2.63 0.86 2.23 0.14 0.64 3.55 0.72 2.72
i 5.72 0.52 10.72 1.22 1.23 1.82 1.13 2.22
Vi 3.20 63.01 6.85 25.92 17.65 25.93 23.98
L(O) -1075.2 —-1084.5 -1078.9 —1088.1
AIC 2184.3 2201.0 2191.8 2208.0
BIC 2240.6 2253.9 2248.1 2264.2
Error Rate 0.0495 0.0941 0.0891 0.0891
Etime 0.62 14.61 - -
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Figure 1: Results of Fit by STMM (upper: STMM-AzDv model (left: ECM, right: ECME), lower: STMM-Sahu
model (left: ECM, right: EM-MC), Q: female, A: male, X: miss-allocations, contours: fitted model)
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Figure 2: Estimates of v of ECM and ECME during Iteration (1st: ECM, 2nd: ECM, and 3rd: sequence of
log-likelihoods, O: beginning point, U1: running point)
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