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BHEEY X1, Xy, BHEERY 0% BES FATFNVEERLD, 22T, BHO
BRzENEN 0, a8,y THEDL, C,-+,CN,J BOATF T =% #HENEDET
B, BHOKEE Z= (X1, XN, Y) = (X,Y), ZOBROEEE 2= (01, -, 0n,1) =
(z,y) LLIcL &, Z =2 2B BRAMMEE py(2) = Pr{Z =12} ThbbT, ZOLE



70 Z H E B

B EORE LY, ZORBHEE py(2) i,
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N Cy
pr() = Pr{Y=y}=3 3 pz(2) 2)
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B H OE &

F L HH ORHE (Elpy v)), {Elpx, (zxy)]}

Case 1 Case 2 Case 3
y=1 y=2y=1 y=2|y=1 y=2
E[px,(21]y)] | @1 =1 0.100 0.600 ][ 0.100 - 0.600 || 0.500 0.500
Elpx, (2]y)] | 22 =1]0.500 0.050 || 0.700 0.250 || 0.500 0.500
E[px, (zsly)] | @a=110.020 0.650 | 0.020 0.650 || 0.500 0.500
Elpx, (e4ly)] | 2a=1]0.250 0.800 || 0.450 0.950 || 0.500 0.500
Elpy ()] [ 0500 0.500 || 0.300 0.700 ]| 0.500 0.500
R 2 BOWER {qv (v)}, {ax,(zey)}
y=1 y=2
ax,(wly) o1 =110200 0.700
gx,(zaly) | z2 =11 0.600 0.150
gx,(zsly) | 2z3=110.050 0.750
ax,(z4ly) | 2z4=1]0350 0.900
ar () | 0.200 0.800
% 3: HOWKDBDHS {gx(v))
Ty = 1 T4 = 2
23 =1 23 =2 z3=1 T3 =2
g1=1]a,=1] 0.057 0.027 0.007 0.017
[ z2=2] 0.026 0.040 0.006 0.060
21 =2|ay=1] 0.322 0.112 0.036 0.022
22 =2 0.139 0.067 0.017 0.045
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# 4: Case 1 DHEEENFH B L PIERERZ

a(+) =10 a(+) = 10.0
y=1 =2 y=1 y=2
px(edy) Jer=1] 0228 0704 | 0221  0.705
(0.0056)  (0.0005) || (0.0024) (0.0003)
Px(esly) |ea=1| 0581  0.142 || 0578  0.143
(0.0043)  (0.0003) || (0.0020) (0.0002)
Px(esly) [ea=1] 0086 0758 | 0.065  0.763
(0.0031) (0.0010) || (0.0011) (0.0003)
Px(zaly) [ea=1] 0371 0905 | 0378  0.904
(0.0060) (0.0003) || (0.0020) (0.0005)
Br (v) 0221 0779 || 0222 0778
(0.0021) (0.0021) || (0.0005) (0.0005)

L@ | 0.0078 | 0.0064

# 5: Case 2 DHEEMEOFH B L UIRERZE

a(+)=1.0 a(+) =100

=1 y=2 y=1 y=2

px(zily) [e1=1] 0178 0691 || 0.192  0.696
(0.0049)  (0.0004) || (0.0026) (0.0003)

Px(ealy) [22=1] 0626 0154 || 0608  0.151
_ (0.0052)  (0.0002) || (0.0025) (0.0002)

Px(asly) |2a=1{ 0043 0735 | 0.041  0.745
(0.0014)  (0.0007) || (0.0007) (0.0003)

px(ealy) [2a=1] 0313 0893 | 0339 0897
(0.0053) (0.0002) || (0.0020) (0.0001)

[0 0.181  0.819 [ 0193  0.807
(0.0012) (0.0012) || (0.0003) (0.0003)

Lin(@4q) | 0.0057 | 0.0008

7
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%K 6: Case 3 DEEHEOFHB L VIEEFEZE

a(+) =1.0 a(+) = 10.0

y=1 y=2 y=1 y=2
px(zily) zy=1] 0.601 0.601 0.600 0.600
(0.0005)  (0.0005) || (0.0005) (0.0005)
px(ealy) wa=1] 0.236 0.236 || 0.236 0.236
(0.0004)  (0.0004) || (0.0004) (0.0004)
px(esly) wa=1] 0.608  0.608 0.608 0.608
(0.0005)  (0.0005) || (0.0004) (0.0004)
dx(zaly) za=1] 0.791 0.791 0.791 0.791
(0.0004) (0.0004) | (0.0003) (0.0003)
Py () 0.500 0.500 0.500 0.500
(0.0000)  (0.0000) || (0.0000) (0.0000)

Lin@o | 1.8614 | 1.8614

R T Case 3 DFEMNT 2—% {px(2)} DEZEMHE (a(+) = 1.0)

z4=1 ry4=2

23 =1 23 =2 23 =1 3 =2

z1=1|z=1] 0.068 0.044 0.018 0.012
(0.057) (0.027) (0.007) (0.017)

zo=21| 0.045 0.029 0.012 0.008

(0.026) (0.040) (0:006) (0.060)

z1=2xzy=1] 0.220 - 0.142 0.058 0.038
(0.322) (0.112) (0.036) (0.022)

zg =2 | 0.147 0.095 0.039 0.025

(0.139) {0.067) (0.017) (0.045)

MR OEMEE, BEOMEE {¢x(2)}
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Abstract

Latent class analysis usually suffers from unidentifiability problems. These problem can
be overcome by taking the Bayesian approach where a prior distribution of the latent
parameters is given. We assume that the prior distribution is a Dirichlet distribution and
is strong Markov which is sometimes called the hyper Dirichlet law. Given one observation
then the prior distribution should be modified to be the posterior distribution which is
given as a mixture of hyper Dirichlet distributions, since the values of the latent variables
are always missing. Mixture representations might be mathematically exact but too
complicated to express the current status of a Bayesian learning process and also to be
used in numerical calculations. We find the approximation of a single hyper Dirichlet
to the true mixture posterior distribution works in a practical sense if their means and
variances match each other. The posterior latent parameters are estimated from this

approximate distribution after an iterative sequence of learning actions.



