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Intensive longitudinal data analysis: Models andapplication

ZHENG Shufang, ZIANG Lijin, QIAO Xinyu, PAN Junhao

Department of Psychology, Sun Ysgn University

A b s t rimtletfields 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. Theem ibe used in the analysis

of the dynamics and mechanisms of witpgrson processes. In recent years, intensive longitudinal
design has become onetbé most prominent and promising approaches in psychological research.
However, many of theeresearches still rely on traditional data analysis methddsly models

have been proposed to analyze intensive longitudinal data, includiuptap approaches(g.,
dynamic structural equation model, DSEM) and bottgnapproachese(g., group iterative
multiple model estimation, GIMMEBoth ofthe methodgan conveniently model autoregressive
and crosdagged effects in intensive longitudinal data.

K e y w o intdnsive longitudinal datéime-series DSEM, GIMME



A MLM RDSEM Mp 1l us

18 ML M °
DATA:
FILE = [ DATA LOCwbéeOdl PABRHRE; with Trend. csv
VARI ABLE:
NAMES ARE URGE DEP JS HS PERSON TI ME;
USEVARI ABLES URGE DEP JS HS TI ME;
cluster =PERSON;

BETWEEN = JS HS;
WI THIN = TI ME DEP;! Timeevel ombdeused in the
DEFI NE:

CENTER DEP (groupmean),;

ANALYSI S:

TYPE = TWOLEVEL RANROM;MoTdwed with paths that a

MODEL:

%WI THI N%

bi1i | URGE ON DEP;

! urge to smokel iusr gree gtroe sssneodk eon L ag

trend | URGE ON TI ME; ! aptge ei $ heregresnsedvem i
is |l atent;

BETWEEN%
URGE b1li
URGE with bli TREND; b1li with TREND

[ URGE] ; l mean intercept of urge to smoke;
[b1i]; ! mean of the regressive sl ope;

[ TREND] ;

URGE; l'urge cte@ts mak @ ainrcteer

b1li; l'regressive slope variance;

TREND;

URGE on JS HS;

! The gspesohfhic intercept is predicted by Job S
b1li on JS HS;
| Thegressive sl ope is predicted by Job Stress

TREND on JS HS;



OUTPUT: TECH1 TECHS;

22 RDSEN
DATA:
FILE = [ DATA LOCwbéeOdl PARH]A with Trend. csv;
VARI ABLE:
NAMES ARE URGE DEP JS HS PERSON TI ME;
USEVARI ABR&GES DEP JS HS TI1 ME;

Lagged = URGE(1) DEPYdnidlClre aft ed wr deagt o smoke
CLUSTER=PERSON;

BETWEEN = JS HS;! Job Stress and-LHomé Modeds a
WI THI N = TI1 ME; !'d Tiimet He vWihtl hyiord s ke ;

ANALYSI S:

TYPE = TWOLEVEL RANROM;MoTdwed with paths that ar
ESTI MATOR = BAYES;!Lagged variables can only b
BI TERATI ONS = (10008r;dtRiummn aaf |telaes tMANM® Oaligor i t h

BSEED=1028,;

MODEL:

%WI THI N%

PHI'1T | URGE”~ ON URGE"1;

! urge to smokel iusr gree gtroe sssneodk eon L ag

PHI 2 | DEP”~ ON DEP~™1;

I depression 4dlsdepgressse®t on Lag

PHI 3 | DEP~ ON URGE"T1;

! Depression ils urreger € 0s esdnokre Lag

PHI 4 | URGE~ ON DEP”"1;

! urge to smokle desprreesgsriessns on Lag

TREND1 | URGE ON TI MEt;i'meirtgee deap trwerge etstsee dt roean d
TREND2 | DEP ON TIME;! dep is regressed on tim
LogVvl1l | Ur ge;

' the-LWvehi mesi dual variance of urge to smoke
LogVv2 | DEP;

' the-LWvehimesi dueadr evsasriicamce of

%BETWEEN%

[ URGE] ; l mean intercept of wurge to smoke

[ DEP] ; l mean intercept of depression

[ PHI 17 ; ! mean of urge autoregressive slope

[ PHI 27 ; !l mean of depression autoregressive sl o
[ PHI 37 ; ! mean of dep on urgeé&l sl ope

[ PHI 47 ; ! mean of urge on depé&l sl ope



[ TREND1] ;

[ TREND2] ;

[LogV1l];

l'log of the mean of the urge residual variance
[LogV2];

l'log of the mean of the urge residual variance
URGE; tlaursgreoke intercept variance

DEP; ldepression intercept variance

PHI 1; lurge to smoke autoregressive slope vari
PHI 2; !'depression autoregressive sl ope varianc
PHI 3; !'dep on urgeé&l sl ope variance

PHI 4; !'urge on depé&l sl ope

TREND

TREND2Z2;

LogVl;

Il bet-weesaon variance of urge to smoke residual
LogV2,; !pkeatswemnenwari ance of depression residual

URGE on JS HS;

DEP on JS HS;

' The seeresomfic inter coebptSst raerses parnedd i Hotneed Sotyr els s ;
PHI'1 on JS HS;

PHI 2 on JS HS;

PHI 3 on JS HS;

PHI 4 on JS HS;

! The gspesohfhic slopes are predicted by Job Stre
LOGV1 on JS HS;

LOGV2 on JS HS;

' The spesohficriremdauuadr eeapredicted by Job Stre:

URGE DEPPHIH 1L OGV1 LOGV2 W TTHHIURGIEEO®GEP IPGIGV2;

OUTPUT: TECH1 TECHS8 STDYX;

B GI MME R

i brary(DiagrammeR)
i brary(gi mme)

i brary(mvtnor m)

i brary(dplyr)

i brary(xIl sx)



#a

wd<£ ~" # b

set wd(wd)

datread. cte¢eTwdata with Tréend.scsv", header =F) #
col namecs(("dblRQK", "DEP", "JS", "H%T, "RPHRSON", T
URGE " DEP

dat apvalsxt e0O(wd, "/ dat a")

setwd(dat awd)

forfi l1: 1l ength(unique(dat $PERSON) ) ) {

# 6(Qri

persomaddtwhi ch(dat $SPERSON==i),c("URGE", "DEP" , " T
#Nez2" T URGE DEP i r Y(detrend)

temp = I m(person_dat $URGE~person_dat$TI| ME)

per son _draets$iudrugael<s (t e mp)
temp2 = I m(person_dat $DEP~person_dat$TI| ME)

person_dats$demt s(temp?2)

# a@r i 1 Q" excel"data i.csv"
write.csv(person_dat[,c("urge","dep")],
paste("data",i,".csv"), row.names = FALSE)

}
#d%# gi mme8B8EMZF  a-
fi-gi<mme S E M(

data = datawd, s #

out = pasteO(wd, ¥/ output"), #

sep = ",",N # CsSV No y 7

header = T,T # 1



ar = TRUE,
pl®tTRUE,
groupcutoff

W 75 %)

T

#

#

T ¥

.75«

w TRUE

u TRUE



