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Intensive Longitudinal Data Analysis: Models and Aoplication

Zheng Shuding, Zhang Lijint, Qiao Xinyut, Pan Junhao
1. Department of Psychology, Sun Ysn University, China

A b s t rimatleetfields of psychology, education, and clinical science, researchers have devoted
increased attention to the dynamic changes and personalized modeling of individuals' behaviors,
minds, and treatment effects over time. Intensive longitudinal datseiscd measures collected at
multiple time points with higher frequency over shorter periods. Thees ibe used ithe analysis

of the dynamics and mechanisms of witpgrson processes. In recent years, intensive longitudinal
design has become one bétmost prominent and promising approaches in psychological research.
However, many of treeresearchsstill rely on traditional data analysis metholisthis paperwe
reviewed the traditional methods for intensive longitudinal data analysis and pedstvi
advanced modeling methodsgcluding dynamic structural equation model (DSEM) and group
iterative multiple model estimation (GIMME). Specificalye introduce the principles, empirical
applications, advantages, and disadvantafésese methodDSEM is a topdown approach to
modeling intensive longitudinal data, while GIMME is a bottom approach. Hopefully, this
review can providea more comprehensive view of intensive longitudinal data, and promote the
application of advanced methodsainalying intensive longitudinal data.

K e y w o intdnsive longitudinal data, tireeries, DSEM, GIMME
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i brary(xIl sx)
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wd< ~" # p

s et(wd)

datread. c4efeTw®ata with Trlend.scsv", header =F) #
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URGE " DEP

dat apvasxt eO0O(wd, "/ dat a")

setwd(dat awd)

for (i in 1:length(unique(dat $PERSON)) ) {

# 6(Qri
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#Nez" T URGE DEP i r Y(detrend)
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