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Abstract The Latent Growth Modeling(LGM) is known as the typical analysis method of longitudinal data and it
could be classified into unconditional model and conditional model. It is common to assume that the growth
trajectory of unconditional model of LGM is linear. In the case of quasi-linear, the methodology for improving the
model fitness using Sequential Pattern of Association Rule Mining is suggested. To do this, we divide longitudinal
data into quintiles and extract periodic changes of the longitudinal data in each quintiles and make sequential pattern
based on this periodic changes. To evaluate the effectiveness, the LGM module in SPSS AMOS was used and the
dataset of the Youth Panel from 2001 to 2006 of Korea Employment Information Service. Our methodology was
able to increase the fitness of the model compared to the simple linear growth trajectory.

Key Words : Longitudinal Data Analysis, Nonlinear Latent Growth Modeling, Unconditional Model, Conditional
Model, Association Rule, Sequential Pattern
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Fig. 3. Unconditional model of LGM in SPSS AMOS

Fig. 39 A3& 72 WS oujshe] e A
Q1% vehdick 7] gkat 71971 Aol i
of o AL, H4 e BEuelo)s] fio]
Az o FAEIT SPSS AMOSel A AT

Rt
"
A
2
%0,
=

0,1,23 45 68 43ttt 2% A== Table 101
AAEGATE AR By AR
CFI(Comparative Fit Index), NFI(Normed Fit Index),
IFI (Incremental Fit Index), TLI (Tucker-Lewis Index)
o} 2 A 5o AUd HFE A5y S
AT AoiA] ARtE A HA gk 00]a Hu)

2 0903l A= Els

ke 1ot} 1
fre] 277} 242 £ Ao

PN

T

=7

SR
I

o:
4

¥

)

xfo
e

of
>
N

Aoz dHA vk

2 oA ek HFE ASE oW AL5E 4
ok ettia ke 4 ArHIzl AEE Ao
AYE A5E 095 S5 st Ja - o
Set Ak Wb dERgen e 204 B
3 F4L Aol PER 2o Seyr)
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