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Longitudinal data analysis(LDA) —

overview

Questions about systematic change over
time

1. Within-person descriptive: How does
an infant’s cognitive capacity change over
time?

2. Within-person summary: What is each
child’s rate of development?

3. Between-person comparison: How do
these rates vary by child characteristics?

438328
Growth Model for Change

Questions about whether and when
events occur

1. Within-person descriptive: Does each
married couple eventually divorce?

2. Within-person summary: If so, when
are couples most at risk of divorce?

3. Between-person comparison: How
does this risk vary by couple characteristics?

WEIPS

— = 1

Survival/Hazard/Event History
Analysis

Adapted from Singer & Willet, (20006).

Longitudinal data analysis(LDA) —
overview (cont’d)

M ZE2E Growth Model for
Change

-DV: Same or equivalent outcomes are measured
repeatedly for each individual over time
-Measurement time: may or may not vary across
individuals

-Covariates: may or may not vaty across the
measurement time points

-Random effect: Depending on analysis model,
growth parameters may or may not vary across
individuals

Modeling approaches

-Repeated measure ANOVA

-Mixed model ANOVA

-Regtession

-Multilevel random effect regression model

-Latent growth model in SEM framework

-Latent growth mixture model; latent trajectory model;

MZEEM Survival/Hazard/Event
History Analysis

-DV: Occurrence of event(s) and timing of such
-Measurement time: may be either discrete or
continuous time frame

-Covariates: may be time-invariant, time-variant,
or time-dependent

-Random effect: Depending on analysis model,
hazard model parameters may or may not vary
across individuals

Modeling approaches

-Discrete time hazard model
-Continuous time hazard model
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— Example: NYS data

* NYS: National Youth Survey (Singer & Willett, Chap 2)
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Descriptive growth pattern

growth pattern of each individual

growth pattern of mean

™ ™4
0 ®
N N
o o4 S o4
0 2 ///
- T T T T T © T T T T T
11 12 13 14 15 1 12 13 14 15
age age
Growth pattern — linearly fitted
linear growth curves: individual linear growth curve: mean
9 45 268 1
o | .
N
N o . L] . n
. . o
. I
= / e . .
314 442 514 N9
&)
N . °
o . : Q|
- T ¢
@
- . L] Fy
,_,.‘l\"
M2 13 1 511 12 13 14 1541 12 13 14 15 T y y y y
age 11 12 13 14 15
age
— Fitted values @ tol ‘
Graphs by — Fitted values ~ ® tol




A‘lIl-Eo:'_l Ol:ol— < 1HH
O O (@) O - -di_d
1T A = S| A
(E=4=n; U= E5E 3l +=T)
A = i _ _] = —_—
N ZH#H 5 0] 8510 (repeated) DV Off L SF CHY MAHS| A 2 H
— HY S| HEH,; nxT 5 K| observations
- 2F0A L5 HE 5= intercept@t slope
o S| A == o =) 1T o o == St iT
- ZEtEs El S 2 ER S E2 A0 SE2 ER
8=
— Within-subject association 2} individual difference®| CH F 1124 7} &5
S
=
. reg tol age if id!=0
Source SsS df MS Number of obs = 80
rC L, 76) = 7ol
Model 2.73790524 1 2.73790524 Prob > F = 0.0006
Residual 16.6693625 78 .213709776 R-squared = 0.1411
Adj R-squared = 0.1301
Total 19.4072677 79 .245661617 RoOt MSE = .46229
tol Coef. std. Err. t P>t [95% conf. Intervall]
age .1308125 .036547 3.58 0.001 .0580529 .2035721
_cons -.0811874  .4779146 -0.17 0.866 -1.032642 .8702674
single regression: n X T cases
[To)
© °
°
(Y) .|
°
[To)
S °
° °
° ° °
N-He ° ° ° °
° ° °
°
° °
0 | ° ° ° °
- ° ° ™
° ° °
° ° ° °
[ ] [ ] [ ] [ [ ]
—-e ° °
T T T T T
11 12 13 14 15
age

e tol Fitted values




HERY - ChYs MY
(E24=n; S=ESH34=T)
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. bysort id: reg tol age if id!=0

->1id = 9

Source Ss df S Number of obs =
L ’I’ o W 134
Model .141610014 1 .141610014 Prob > F = 0.3311
Residual .317390122 3 .105796707 R-squared = 0.3085
Adj R-squared = 0.0780
Total .459000135 4 .114750034 RoOot MSE = .32526
tol Ccoef. std. Err. t P>t [95% conf. Interval]
age .119 .1028575 1.16 0.331 -.2083385 .4463386
_cons .5929999  1.345037 0.44 0.689 -3.687507 4.873507

-> id = 45

Source Ss df MS Number of obs = 5
FC I, 37 = 10.2L
Model .302760003 1 .302760003 Prob > F = 0.0495
Residual .088919991 3 .029639997 R-squared = 0.7730
Adj R-squared = 0.6973
Total .391679994 4 .097919998 RoOt MSE = .17216
tol Coef. std. Err. t P>t [95% conf. Interval]
age .174 .0544426 3.20 0.049 .0007393 .3472607
_cons -.77 .7119297 -1.08 0.359 -3.035678 1.495678




n regressions X T cases
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single random effect ML regression
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* Pooled ols

Yie = Bo + BXit + €i¢
— I 20Ol CHet 124~

— Underestimated SE, inflated Type-1 error

* Within individual model (fixed effect model)
-1 =BlX, - X, )+e -4

— &t time—varylng within 1nd1v1dual error

— Time-invariant variablel| 21& =3 4+~ Q)
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HARtE 2N DY (7 4)

Between individual model
Y, =/, +@1Xi‘_+ g +éi
— Time effectE FASFE2H

Random effect model
Yit = ﬂo +§i +ﬁ1Xit T &,
§i|XitNN(ODW)= gileiz:é/iNN(O’g)

— Multilevel model (MLLM); Hierarchical linear model (HLLM)

— Random effects= &K 7 @1 ZF XtO[of CH e 1124

— Within individual associations & A& 22 SA|; no type-1
error inflation
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Compositional, between, within effects —
an example

School 2
Mid SES

School 1 PPL -
Low SES~

Y, Math achievement

School 3
High SES

Compositional effect: The expected difference in the math score
between two students who have the same SES, but who attend
schools differing by one unit in mean SES

X, student SES

FE vs. RE

Yie = B1Xie + (u; +eir) = B Xie + vy

Fixed-effects model Random-effects model

*  Within estimator model .

* Useful when unobserved individual ¢
effects may be related to predictor
(corr(v_it, x_it)!=0)

*  No estimation for TIC is available

Within + Between estimator model

Useful when unobserved individual
effects is assumed to be random
and uncorrelated with the
predictors

The effect of TIC may be
estimated

* Hausman test (HO: corr(u_i, x_it)=0): if significant, FE is the

answer

estimation

Likelihood ratio test(LRT) between FE and RE models in ML
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Panel data analysis within MILM framework
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Random intercep

w/0 covariate

Level-2 model | —

_T'_A
L

(s

| Level-1 model | _— |WpeT'Cij = Ty; + mq; yeary;+ Sijl j=time point
Var (o) = 05, Var(my;) = of i=individual
WPCTC*OutCOmC
Toi = Yoo + (0. year=time score
| l
i =Yoot (11' my=intercept T, =slope
wperc;; = (Yoo + $oi) + (Y10 + {ii)year;+ &;
HYoot Y10 yearij)H(Goi+ G1i)year;i+ &;j
. Random effects:
NE N
ofr all wofti pace Workplacc
) : 2 2
Random intercept model: if Var(ny)=0, #0, Var(m,;,)=0c, =0

Random slope model: if

Var(r,)=o, #0,

Var(r,) =0, #0

Random intercept ‘S &M EH
ando ercep T3S
. mixed welfcon@2 year||h_pid:, nolog
Mixed-effects ML regression Number of obs = 13,433
Group variable: h_pid Number of groups = 6,314
Obs per group:
min = 1
avg = 2.1
max = 5
Wald chi2(1) = 36.66
Log likelihood = -6466.748 Prob > chi2 = 0.0000
welfcon@2 Coef. Std. Err. z P>|z| [95% Conf. Intervall
year .0055325 .0009137 6.06 0.000 .0037417 .0073233
_cons | -8.125525 1.838684  -4.42 0.000  -11.72928 -4.521771 o welfcon02== K| Q1 Al
. IZIJCI-0| X—I.u.:iE% _| _l?_
’“OI = 1tof| CH Bt
] :l_l.jl. o ol St
Random-effects Parameters Estimate Std. Err. [95% Conf. Intervall L =
. OI._ Al Ztol| 2
h_pid: Identity welfcon022| Al & 0f
var(_cons) .0432715 .0019292 .0396508 .0472228 A-i 9_' aAl-Ol h_pldt'E:‘E
cralz e of|
var(Residual) .1178329  .0018994 .1141682 .1216151 SHEE
LR test vs. linear model: chibar2(01) = 710 12 Prob >= chibar2 = 0.0000
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Random intercept ‘3 & =4

—

JH

baseline random intercept growth model

T
0 1 2 3 4
yr2005

p1_bl ri_ == | inear prediction, fixed portion

Random intercept
and slope J &2

in stata

. mixed welfcon@2 year||h_pid: year, nolog

Mixed-effects ML regression Number of obs = 13,433
Group variable: h_pid Number of groups = 6,314

Obs per group:

min = 1

avg = 2.1

max = 5

Wald chi2(1) = 36.55

Log likelihood = -6466.1867 Prob > chi2 = 0.0000

welfcono2 Coef. Std. Err. z P>|z| [95% Conf. Intervall

year .0055226 .0009135 6.05 0.000 .0037322 .0073131

_cons -8.105771 1.838361 -4.41 0.000 -11.70889 -4.502649

Random-effects Parameters Estimate Std. Err. [95% Conf. Intervall
h_pid: Independent

var(year) 1.07e-08 4.77e-10 9.80e-09 1.17e-08

var(_cons) 2.83e-08 1.75e-08 8.45e-09 9.50e-08

var(Residual) .1178047 .0019025 .1141343 .1215932

LR test vs. linear model: chi2(2) = 720.24 Screenshot Prob > chi2 = 0.0000




Random intercept and slope ‘S

A

baseline random intercept & slope growth model

———— —

&3 _

T T T T T

0 1 2 3 4
yr2005

random slope & intercept

=—g===_| inear prediction, fixed portion

0

FE;

L

Random intercept

MDY w/ TIC in

. mixed welfcon@2 year female||h_pid:, nolog

Mixed-effects ML regression MNumber of obs = 13,433
stata Group variable: h_pid Number of groups = 6,314
Obs per group:
min = 1
avg = 2.1
max = 5
Wald chi2(2) = 44.86
Log likelihood = -6462.6802 Prob = chiz2 = 0.0000
welfcon@2 Coef. Std. Err. z P>|z| [95% Conf. Interval
year .0es55707 .0009136 6.18@ 0.e00 .ee37sez .0073613
female -.0232408 .0081455 -2.85 0.004 -.03920857 -.0072758
_cons -8.189454 1.838345 -4.45 0.e00 =11.79254 -4.586365
Random-effects Parameters Estimate  Std. Err. [95% Conf. Intervall
h_pid: Identity
var(_cons) .0431502 .0019268 .0395343 .0470968
var(Residual) .1178252 .0018991 .1141612 .1216068
LR test vs. linear model: chibar2(@1) = 716.35 Prob == chibar2 = @.0000




. mixed welfcon®2 year welfever

Random intercept

female| |h_pid:, nolog

gI}E%g . Mixed-effects ML regression Number of obs = 13,433
o W/ TVC n Group variable: h_pid Number of groups = 6,314
stata
Obs per group:
min = 1
avg = 2.1
max = 5
Wald chi2(3) = 51.61
Log likelihood = -6459.3135 Prob = chi2 = 0.e000
welfcon@2 Coef. Std. Err. z P>|z| [95% Conf. Interval
year .0056118 .0009135 6.14 e.e00 .0e38215 .0074021
welfever .0407326 .0156952 2.60 0.009 . 0099705 .0714947
female -.0243574 .0081551 -2.99 0.003 -.040341 -.0083738
_cons -8.274207 1.838169 -4.50 e.e00 -11.87695 -4.671462
Random-effects Parameters Estimate Std. Err. [95% Conf. Interval
h_pid: Identity
var(_cons) .0431361 .0019256 .08395225 0470802
var(Residual) .1177611 .0018979 .1140993 .1215403
LR test vs. linear model: chibar2(@1l) = 716.97 Prob == chibar2 = @.0000
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Ty Ty y "y
)//1‘ = 7Z—O/‘ + 7Z1/'X/‘1‘ + g/‘l‘
ZTo; = Yoo + Vol + Co,
7[1/‘ = 710 + 711Z/' + 4/1/'
Ty
RISH x4
Vi =W, + XS + &, 2|1|71|—”|‘—E qi}_!_ég
-MLEEEHO 1
HH 2 Hl W
I} =Yoo ¥ Y0l + o [7ze=,
MLEE 2 HO| M 2
S, =Vt ¢y | HE2Eadu

e O .
AEEHO H| Wl ML vs. LGM
e ML framework e SEM framework
- X, /tH$ol 7|5 - x, /t/HE/Re2 TS
. fHyol Ao Zholo wat o MEELIRASHA HolE
ERa — TVCS| ZATF N ZEXIF o et &
- TvCel BAR= i 2lof et e = US (we will see this later)
A2 S
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EREEE: |
o oo FAHEE 1=3
=5t
=
Y, =7+, X, +m,,TVC, +¢, )/1‘/' = W[/‘/ + X, S, + &y
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Tyt =Yoot V02 S5
W oS 24
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a3

PHO| H|W: ML vs. LGM

e ML framework
= H

o 0:i-th & XA}tQ| chores

— Time

— 15t wave:

chores,, = ny; + w, X, + 51,,()(1,

SEM framework

— Time parameter
e 0f:i-th & At chores

— 15t wave :

chores, =w/, + x;s; + &;,(set  x,=0,w, =1
— 20d wave: _ ond wave -
CﬁOfesg/ =Ty T 7T1/'X2/ + 52/’()(2/ = 1) choresz/ _ Wg// F x5 + 82/»,(891‘ =, = )
— 3 wave: _ 31d wave -
ChOresy = my + myXs + &5, (X 8 = 2) chores,, =Wyi, + X, + &5, (set X, =2,w, =1)
THIHAM EQM MEMETDES
__I'L—l—oo—l EO-IA ;éooEé
(o> = < AL =
-8 48RS IS0
o g ey ooy SIHME = o] B
A T
T (&s)/ER
2K} 8 & =4 quadratic

growth model =4 8|'_| M=
M 78 G, s, & q 22

Model estimation 2] =&

i @F [s12] 7ICH g/ = 72k
1 2 A

L

A=
L—

— Mean structure model estimate
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MILM vs. LGM

AL

SYAZEl M el 7t S0

Chet 20| 7t

HE g AO| 9 3| =M ZF 9 dF0| §0]
ChS Hetatd el 2H0| 7hs

S+ XNEBAEO| 7t

JYEZYOLEH 2 LY FEHSE T U
=

14 0| x| 2 EAYWI£9| BEO| THs: growth
mixtures

From Muthen & Muthen, (2008), Mplus short courses Topic 3
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CHes B 2 S multiple process growth

(e
curve 2 H

N2 N N2
selfcont selfcont selfcont selfcont

SEX

pattach
1
0 0 0 0

2LXENYRM 2

multiple indicator growth curve model

U | N
Y11 || Y21 || Y31 Y12 (I Y22 || Y32 Y13 || Y23 || Y33
I'1 2 I3

- 19 -




2HO| YRR MR H

LLGM as a part of the overall model

|, Kim, |. Lee / Sacial Science & Medicine 99 (2013) 4248

. ' - '

Deprisssion Drepression Diepression Depression
at Wavel af Wavel at Waved at Waved

P

Level of
depression (1)

+

IPWV at Wavel { [PV at Waved
A
£ Lincar change rate
of depression (S)
Education
Income
Social support

Mote: Social support, income, age, education level were measured at Wave 1
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Beyond “regular” approach
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40
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Latent growth mixture model

single random effect ML regression

&5

25

1.5

—

T T T T T

11 12 13 14 15
age

p1 == Fitted values

Latent growth mixture model (cont’d)

o AMESA2 Y Person-oriented
approach
o M HZEZH latent trajectory _
analysis (LTA)/ A SEHEES
latent class growth analysis (LCGA)/ &
M2 2 latent growth
mixture model (GMM) approach
— O™ slideOf| M ==l M 1t 2bH
5| OHE 7HH 0 M & group based,
finite mixture model
« SYUSHX| gb2 REHO| EX O] AT
s
- A4 0E dds 20l subgroup or
sub&aog{ulation i, class)= T Of
20| &l o apx
— 2829 class= A 2 Cf
parameter% 7|-IEI T 9U|k
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LCGA model (2 class model)
Note: Linear growth model assumed
35 A
3
© 25
3=
S
3
[0
)
b1 2
s
2 -— —=
S - —
Hos = —n—
/
1 )
0.5
0 T T T T |
11 12 13 14 15
Age

i o522 =4
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