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Abstract

Latent class analysis (LCA) is an important tool to explore unseen latent groups in multivariate categorical
data. In practice, it is important to select a suitable set of variables because the inclusion of too many
variables in the model makes the model complicated and reduces the accuracy of the parameter estimates.
Dean and Raftery (Annals of the Institute of Statistical Mathematics, 62, 11-35, 2010) proposed a headlong
search algorithm based on Bayesian information criteria values to choose meaningful variables for LCA.
In this paper, we propose a new variable selection procedure for LCA by utilizing posterior probabilities
obtained from each fitted model. We propose a new statistic to measure the adequacy of LCA and develop
a variable selection procedure. The effectiveness of the proposed method is also presented through some

numerical studies.
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Table 3.1. Headlong search algorithm
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Table 4.1. Proposed algorithm
Inclusion 7|
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Table 5.1. Simulation models

Class p1 p2 p3 P4 P5 P6 p7 P8 P9 P10
0.2 0.5 0.7 0.4 0.9 0.1 0.6 0.2 0.8 0.7

Model 1
0.2 0.4 0.8 0.2 0.4 0.7 0.1 0.7 0.8 0.7
1 0.2 0.5 0.7 0.4 0.9 0.1 0.6 0.2 0.8 0.7

Model 2
2 0.2 0.4 0.8 0.2 0.6 0.5 0.2 0.6 0.8 0.7
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oAl A VE o] &3 A<k L1 8]ZL Headlong search F118]Z9 GA A Ay} 54 AFSHA|
T8 4 ¢l=t| o] 2 Table 4.19] zga]zs}giu}. th, Table 4.1914 A/B = AN B2 2]t}

S e ROAE AAA 107he] ol AUAE AL B
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Table 5.2. The number of selected variables for Model 1

n (71,72) Method a Y1 Y2 Ys Yy Ys Ys Y~ Ys Yy Yio
0.005 1 29 42 89 99 100 99 100 1 2
(0.5,0.5) Al <t 0.01 0 3 8 86 100 100 100 100 0 0
0.03 0 0 0 2 100 100 100 100 0 0
1000 Headlong 0 0 1 99 81 100 76 43 0
0.005 10 25 27 50 94 99 90 93 18 13
A <k 0.01 7 10 13 40 95 99 95 96 9 5
(0.8,0.2)
0.03 0 1 1 12 99 100 97 97 3 0
Headlong 0 0 8 87 83 99 50 63 0 0
0.005 0 26 27 929 100 100 100 100 0 0
(0.5,0.5) A <k 0.01 0 2 1 88 100 100 100 100 0 0
0.03 0 0 0 1 100 100 100 100 0 0
2000 Headlong 0 0 0 100 80 100 85 35 0 0
0.005 1 27 27 62 98 100 98 100 2 5
(0.8,0.2) A 2F 0.01 2 14 12 48 98 100 98 100 0 2
0.03 0 0 0 4 100 100 99 100 0 0
Headlong 0 1 0 99 91 100 48 61 0 0
Table 5.3. The number of selected variables for Model 2
n (71,72) Method a Y1 Yo Y3 Yy Ys Ys Y~ Ys Yey Yio
0.005 12 52 61 96 96 99 99 99 10 15
(0.5,0.5) A ok 0.01 3 28 42 93 96 99 99 99 2 4
0.03 0 5 9 56 97 99 99 100 0 0
1000 Headlong 0 0 5 88 48 92 87 80 0
0.005 19 39 43 69 88 94 89 88 20 20
(0.8,0.2) Al <t 0.01 12 30 35 60 91 94 91 90 8 14
’ 0.03 0 14 7 39 95 98 97 94 1 6
Headlong 0 3 9 59 7 95 78 79 0 0
0.005 3 65 69 98 100 100 99 100 1 4
(0.5,0.5) Al <t 0.01 1 36 35 97 100 100 99 100 0 0
0.03 0 1 1 79 100 100 100 100 0 0
2000 Headlong 0 1 1 96 34 97 89 82 0 0
0.005 13 48 38 75 96 99 94 99 7 11
(0.8,0.2) Al <tk 0.01 4 21 24 70 97 99 95 99 1 4
’ 0.03 1 1 34 100 99 99 100 1 4
Headlong 0 4 2 88 56 99 68 83 0 0

2 2 Aol Fv W S PGS T2 Aded QoA 83 Wl Y1, Y, Yo TS
W Aol7} Gl WMol Yo, Vs, Vit FAFTEE oF7ke] xtol7} 9l wgolth. K3 Model 1
Y5, Ys, Y7, Ys0] 10] & o u}g} 2 x}o]E HolE= B3o]l Model 2= Model 1HTH=
22 ApolE Holw Ryolgtal & ¢ et HEd ERRYP S 544 Model 12 A F4 o] 7
58k Model 204 9] 42 53] A7t AE 74 A4

BAFME EFUE (11,72)7)F (0.5, 0.5) B2} (0.8, 0.2) HE 2}37]]:,: - 000’2000
ol A9 thate] 100 WHEELT). Tables 528} 5.3+ 2+

d 34+E el Eolt}. Headlong search &i12]&3 Ao &

rlr
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Table 6.1. Questionnaire
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ol B A ZL xolE Holk W Y, Vs, ViE nol AAE & Adex] 2= Adko] 9t At
S GaE]5e] A Yo, Vs, Yao] AENIEE aglol fﬂrr“/} el eh] agro] ZolALE AL wwA v
HEE AEdit) £ AEE A 2 o].o]; 3 W49l V7, Yo, Yio2 Headlong search ¢ g]Z2 A3
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A

lﬁ
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2

2

m{o r

F

o
A kgt At FTeBeIAE a = 0.0059 A9E AL FALE b A ek HAY A
A nol Aol T} Foli A2 & 4 Aok

6. Al

o] Aol A+ Headlong search Le]&3} A9t T8 ES o]&dto] FAT P oA M 3
Hoprh AR AR FRALIGAATHY A= oFs Had WAL F 39
S e & AFxAb Aot 4] A8E F 20709 AE2F2 Table 6.10] &)= o]
Qed e 3A U A MFER o] & 5 9ok WA ViYse R ®
o]3 Ye-Yio& T3, Yi1-YisS FTA, YVie Yoo A LTS] BA o] thet #3Folty. AE
Axe F 2,34270 0131 o] B3kl Qe ARE ALSL 2,172% 9] SHWES o83t 2=
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Table 6.2. Estimated class probability

729

Method Class 1 Class 2 Class 3 Class 4
Headlong 0.4758 0.2740 0.0715 0.1787
Al ¢Ha = 0.01) 0.3788 0.4109 0.0913 0.1190
Al ¢Ha = 0.03) 0.4803 0.3890 0.0128 0.1179
Table 6.3. Response probabilities for selected models
Headlong A e+ = 0.01) A 9+ = 0.03)
W4 Class S ‘?‘j%f’é HHEE
1 2 3 4 1 2 3 4 1 2 3 4
1 0.57 0.43 0.00 0.00 0.56 0.39 0.02 0.01
v, 2 0.11 0.80 0.08 0.01 0.12 0.82 0.06 0.01
3 0.06 0.43 0.31 0.21 0.13 0.18 0.13 0.56
4 0.56 0.33 0.09 0.02 0.06 0.52 0.32 0.10
1 0.66 0.33 0.01 0.00 0.71 0.27 0.01 0.00
Ye 2 0.20 0.76 0.04 0.00 0.20 0.77 0.03 0.00
3 0.19 0.56 0.18 0.07 0.34 0.23 0.00 0.43
4 0.85 0.13 0.00 0.02 0.20 0.62 0.19 0.00
1 0.19 0.70 0.09 0.02
2 0.07 0.65 0.26 0.02
Y12
3 0.10 0.26 0.35 0.28
4 0.77 0.10 0.09 0.04
1 0.71 0.27 0.02 0.00 0.68 0.31 0.00 0.00 0.76 0.23 0.01 0.00
Yie 2 0.24 0.69 0.06 0.00 0.21 0.72 0.07 0.00 0.22 0.73 0.05 0.00
3 0.20 0.35 0.37 0.08 0.14 040 0.39 0.06 0.17 0.24 0.34 0.25
4 0.31 0.59 0.09 0.01 0.97 0.00 0.02 0.01 0.17 0.46 0.35 0.03
1 0.98 0.02 0.00 0.00 0.97 0.08 0.00 0.00 0.91 0.09 0.00 0.00
Vs 2 0.31 0.67 0.02 0.00 0.41 0.58 0.01 0.00 0.42 0.57 0.00 0.00
3 0.06 0.20 0.50 0.24 0.04 0.37 040 0.18 0.00 0.13 0.16 0.71
4 0.34 0.66 0.00 0.00 0.82 0.17 0.01 0.00 0.11 049 0.33 0.07
1 0.81 0.19 0.00 0.00 0.82 0.17 0.00 0.01 0.80 0.19 0.01 0.01
Yio 2 0.50 0.49 0.01 0.01 0.30 0.67 0.03 0.00 0.34 0.66 0.00 0.00
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