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Abstract

Unlike randomized trial, statistical strategies for inferring the unbiased causal relationship are required in
the observational studies. The matching with the propensity score is one of the most popular methods to
control the confounders in order to evaluate the effect of the treatment on the outcome variable. Recently,
new methods for the causal inference in latent class analysis (LCA) have been proposed to estimate the
average causal effect (ACE) of the treatment on the latent discrete variable. They have focused on the
application study for the real dataset to estimate the ACE in LCA. In practice, however, the true values
of the ACE are not known, and it is difficult to evaluate the performance of the estimated the ACE. In
this study, we propose a method to generate a synthetic data using the propensity score in the framework
of LCA, where treatment and outcome variables are latent. We then propose a new method for estimating
the ACE in LCA and evaluate its performance via simulation studies. Furthermore we present an empirical
analysis based on data form the ‘National Longitudinal Study of Adolescents Health,” where puberty as a
latent treatment and substance use as a latent outcome variable.
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o137t g 7 (causal inference)E FAHE F$ F2%] FAIAIE (randomized controlled trial)d= &
B2 (observational study)ollA= wEHSof 23F Hako] WAISte] oo 3t FA 2 Aeko] Q
Tt} Rosenbaum¥ Rubin (1983)2 <o ot AZFS Eo]7] sl A4 (propensity
score) & AN, o]eiF HFASE e AE A WA ATAS 427 B Sol
39k 2t} (Robins 5, 2000; Rosenbaum, 2002). &AL BT A} aHE A7 §3 o]
23k YL XA} A 2R 2 FEo] 71538 =W (manifest variable) & tlAl oz 8
ot meEkA 58, R, 7FXe Zo] A5 BAEE A e AR WS (latent variable) & 23S E oA
7129 S Mgkl Alste] Atk o3 SHAIE FEE H—H Z Lanza 5 (2013)2 7%-‘4"5
F7F FAA el g A AFaIE FEFE WS AR, Parks} Chung (2014)2 ] X
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o ulF oA Fad AT FEARR 7+ AFFEAE FESA} AT} npA Yo 5 e AR
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= 0 ANFE ‘/]'EM]U% LCAY $x8r+ thgd 7 7] B4g A9 v = P(U = 1)<
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(Lazarsfeld2} Henry, 1968).
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Table 2.1. Data composed of binary treatment and outcome variables

WA (2) DTFASF (X;) T; Y;(0) Yi(1)
1 T 0 Y1(0) Yi(1)
2 T2 0 Y2(0) Ya(1)
m o 0 Yin 0) Yin(1)

m+1 Tm41 1 Ym+1(0) Ym+1(1)
n Tn 1 Yn.(O) Yn(1)

BANE (o T9Y GB2 02w 2ol ekl - Ik
P(L=0P(Y =yi|L =1
P(Y =yi)

I(yim=k
o T [T 1anZ|l : (2.2)

I(yim=k
;’YCHm IHk 1p'n£z\c >

PU=1|Y=y;)=

LCAA FF(covariate)& TFHIZ A A8 37249 FeE 54 FAEF o] £ & v< o
Z3he o AR xi = (T, ..., 20p) ] 2 iAR A TR e S22 s 4] (2.1) 904
Fo1% LCAY =3+ tha3 o] FoJ Xt} (Daytond} Macready, 1988).

P(Y =yi) Zw X;) H ﬁpﬁ}c’f{”:“. (2.3)

m=1k=1
4 (23)9 Al AR AEE o] 23D FEL ohet 2ol viehd & ok
i) = —b (iB) | (2.4)
1+ ; exp (x] B3.)
w3, W 19 LOAS) AFEL the3} 2ol el 4 ek
P11 - yox) - (i) Ty Ty i = 23
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Rubin®] Q¥ & (Rubin’s causal model; RCM)o| A= 3k 7|Al|7F o8] A& FAlo &S wl, zt
2 H) ol et AEe] Aol & <lutgyleta B kth (Rubin, 1974, 1977, 1978). Z&jut @A A dut
o] A= shte] AXT vk 4 Qlo] JAARIH/E A FAY 5 glenz, 7MF LA (pseudo ex-
perimental design)ol] A3t} FH= & Al JFHE W3l Zo] RCME] EHolzta & 4 9]
=

RCMe| ol3|& 571913 0|83 A% 89 dopiss ol 0] An Table 217 Zo] el
th. Table 2.12 X x|W9} AupAr) o) M2l Aue FeE »}E}Lﬂ 9tk Tie XXZ w
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HE 7 Fo1d B9 ST AT kol £ 2R EAES FH s £A7F H= Aolth

AZATFAAE XY o] FAAR wAE 5 GleBE A (2.6)F ]85 ACE ¥ ACEt *
st Ago] WA ALt ol g WL X9} A BHFo| AT X+ A3 WL wEy
T X;oll o3 wAstt &, WwRHASTE FolX AZ oA A X9 ¥y AL EYolge 2R F
o] 71 o] el 2&5d A HsE F29 2= (missing at random, MAR) 2] 248 S53H

9t (Rubin, 1976). wehA, AX&x Fe] gl ARALSE Fdo] Qe AHdAFE o83t

ACE ¥ ACE:9] &3 FAHXE 7+ 4 It (Rosenbaum} Rubin, 1983). Rosenbaum¥} Rubin

(1983)2 o] 79 WA, x; = (Ti1,...,Tip)| = ©]F38t] AFHFE ALt o] 2 53] ACES

FAE BUE AN, A TR ol 200 54 AN G o2 gl
A

A FolM Ao @33 2= Az SYolng PP HAT ACE
ﬂ— (Rosenbaum} Rubin, 1983). A X7} L7/]e] HMFE ZHe thadSd 4
A7 A2 2 B2 W AFET T (xi) € HFEALY RS S o)8ste] vt

exp (xiét)

F— — (2.7)
1+ lz::l exp (xigl)

Trie(Xs) =

B =Rojix= ACE A= AGS Aojsl= o g AgFHL d3-E 715X (inverse probabil-
ity weighting; IPW) ¥H-& H8% Z o]t} (Robins 5, 2000; Rosenbaum, 2002). IPW {2 7}
FAE Fo] AFET7E 2 MAE WA BAS, FE A A BAS HEHE 19 743
= 5o = otk o] 2 AAEY HAVE FAAR FHE 4B A TEolErt
ACE ¥ ACE.9] EHFAHFS F317] A3 7152 42 olel ¢} 2t} (McCaffrey 5, 2013; Frolich,
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2004).

1 . 771] Xi)
wi(t,j) = T (k)
ACEY Ed3A% A4S 93 7152 wi(t)E AR QA7 AX-F to] £ uf] FolxE= 7153 0]
W, ACE; 9] EHZHH A S 7 Al wit, )= AXHF jE 2 A1 NAE ez T2 7
A 7F AR HE o] £3 o) =

(2.8)

2.3. 28t ¥ HAQIYS Y} FH

H FHoj A+ Parkd} Chung (2014)9]] o] #|oHe 2 (propensity for logit model; PLogit)3} £ 9
T-ol| A Al Fs= W (propensity for LCA; PLCA)S 273812} st} & WHEES] A vz E 93t
2R e A9 500 /449 318 DefsnA Bok 3 WA BT AAUSS A £ o B
Zmsq) oI, T WA AL AN Aol A} DS Aoleh. A W
A A= AXHE7E ASHgo| 1 AIHsT FAHS A8 02 Lanza 5 (2013)°] ACE 374 1}
9 AUHE ARl ST 0 AT AR A B BN HRoE
Park¥} Chung (2014)°] ®H< AW Aot o] 74X ¢ 7R XJX] 7t A5 4
g, S A ALt Al MR AeE 4 (2 7)% o]-§-5tq “UUS—’FE Askgt =, 4 (2.8)& B3 Al
2 AT 5 Aok Hetd Anasst B Es

QA AfollE 7FEAE AHSS LCAE B3l 239

& FA o ] wet ACE 9 ACE. & 74] J’@’ —’F Ut} (Lanza 5, 2013). & =EAe XX Hs
o] Park¥} Chung (2014)°] A<+t PLogitS 7}A

1@% &3 PLCAP/] "é%% 71& W< PLogitd] A5 vlastazt siot
JH2 AFEFE o83 7SA AL T B RE Fale FdenE 2 =
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Al z x
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LCAE At ojuf dojzl& A (2.5)9 AAFEES o835t 7MY =2 AAFEES 7= A
AAWFE Tioll @3t 4] (2.4)9 (By,...,8._1)% FEAE o] &3t AFHFE Attt

o AT £2Y 3 (overlap) B7}
BAFATE FAT T 4 DAA 2 AXNHF T AT F29] HHF o] olFolH=A B
sfjof gtk FF o] o]F A koW F A 7k Hla 7hs e JHAITE §ithe 21 SJulEh] wjiol
ok AFEs 229 HAS AXE 2 25 DA 942 Iw AT T aERS F
off &g+ Qith

o 7HeA At B 78 37t

z73357) 18 4 (2.8)7 Zo] Z ACEd st 71X E Asbsich 75
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ARl BaES | | AR EAES AR BEEs | | AR s
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AHg e 9 xH|2 ACE 34 olgsto] T2 FHFOR nejet AFg 3 @ %u]= ACE 24 olgsfo] 1,2 O R weiet
7t LCA 23] 7t LCA 33
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Bo] A% S o] &s}o] Bo] 7|5 ol&sto]
CE #7 CE #7
(a) PLogit (b) PLCA

Figure 2.1. The calculation flows of PLogit and PLCA methods for ACE estimation. PLogit = propensity for
logit model; PLCA = propensity for latent class analysis; ACE= average causal effect.
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3.1 XI-E A

ACE F4181e] 5= vtetsty] 9l t=23 o] A58 A3t & 5= 50001, WA 571
o S, X = (x1,%2,...,%5) & B p = (0,1,-1,1, 1)} ¥4 12 7 AFEzoA
27t 5oz Attt AvE 247 49 A B3I A9 FFL AT Qo 7 BFL of

=2 24
o} 3, Zbzt 2709 A A et A FE 7HA 3 Stk Aks e £ 28% 8, 6,
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1) Adds A4 2 AT 29
AXWMEE 3s7] 98 23k 8 = (—0.3,0.5,0.8,1.2,0.8, —1)TE A =T 4 (2.4)F A4l
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9A DollA ggE AAWFe BFFE p, = (0.9,0.9,0.9,0.9)7 3}
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ek BHgoln, s AFWFRT} 29 A 470e) ARG el A WA WER SR FEo)
o 0.0 0.5} 2 134 00) ke e AAEPel 2 LTS S ¢ fa Fo BEAs
Qe JEH 0,3}, 7t 27 TE AL T AriEe] 540 Bl Aolsitis AL Vehir,

oA AR shuel AeZ vl 711 AN ACES 374
A (2.6)3 2o AE AFAE Aol AAWFI} Fol2]
g3 ez=u)7} Atk

A 4= 9lr}h. o] At o|A ACES] gk
FRAA ATl £ 7S HES

3
B @A AAu5sE SRR FHAA Plogitsh PLOAS R4 23 AAsuzt et
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Figure 3.1. Boxplots for distribution of propensity score when treatment is latent. PLogit = propensity for logit
model; PLCA = propensity for latent class analysis.

Table 3.1. ACE and ACE; estimates from PLogit and PLCA (average of relative biases™) when treatment is
latent

2 5p 5 3 24 A PLogit PLCA
ST ACE ACE ACE  ACE; ACE  ACE; ACE  ACE;
Gews 7900 3715 4720 4720 4856 3.303 6.540  3.574
T ' (0.337)  (0.544) (0.332)  (0.242) (0.154)  (0.187)
2 2 . 4 534 .
A 7200 3715 5208  5.298 6.867  3.488 6.53 3.606
(0.279)  (0.690) (0.218)  (0.216) (0.177)  (0.219)

*: relative bias = (ACE — ACE)/ACE or (ACE; — ACE;)/ACE;.
ACE = average causal effect; ACE; = ACE on the treated; PLogit = propensity for logit model;
PLCA = propensity for latent class analysis.

Figure 3.1 PLogit3} PLCAZ o] §3le] 4% 43445 L2 432 F7H5P] 18 9agRol
B 1% o £ o mE AN 0w Ao S5l EEGELEERREP
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< A& 4 ). Figure 3.1-2 100712 dlolg F s }e] ©
9] tlolE A= A 235 2ol AA] 2 AT 22 439 200 247 f=e &+ itk
Figure 3.2 ACE ¥ ACE;9 71=2& 37 A3 39 A3 7t ol
3 o gH 9F oA 7] AL 7EXE AL A JXHE 17
4ol SMDE olulaln, S 8% 4 7] AL AEAE 48T F
o] 23 AML .29 0.22 oulatH TR 7|e] HAEo] o] 7+

9] 7 Fo] o] FHZE v|stt. Figure 3.25 A7 HY PLongr PLCA ¥4 % ACE ¢
ACE, 9] 7P%—il§ Aget T WS SMD7F —0.29}F 0.29] 77 2ol 23E o] glo] w4
Yol o]FoHSS & J% T Atk Flgure 3.2 100709] dlolEl 5 hvte] dolEfol theh A% 7+
ﬂ%_#«l SMDE v 3h7] fsk 18 eolw U] 99712] HolEo A= fFASE A3E He] A3 2k o

Heo] 7o A7) gles & —’F p=
Aol Ao 1007]2] kgl it ZAgre] HF 9 ACES} ACE; &4
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Qe #AE AHA B Fw ehdch 100742 250l ths) 2
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Figure 3.3. Scatter plots of true values of ACE and ACE; versus their estimates from three different methods
(non-adjusted, PLogit, and PLCA) for 100 samples. ACE = average causal effect; ACE, = ACE on the treated;
PLogit = propensity for logit model; PLCA = propensity for latent class analysis.
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Table 4.1. Model selection for adolescent puberty

Had A% G? df AlIC BIC CAIC aBIC
27| B 2y 406.20 6 424.20 479.23 488.23 450.63
M EE Y 137.10 1 165.10 250.70 264.70 206.22

AIC = Akaike information criterion; BIC = Bayesian information criterion; CAIC = consistent Akaike

information criterion; aBIC = adjusted Bayesian information criterion.

Table 4.2. Item-response probabilities for adolescents puberty

E R E zag N N
T IEEE] T IEEE]
Z& 0.414 0.995 0.773 0.848 0.751
HEAL 0.185 0.001 0.432 0.490 0.997
ol == 0.402 0.106 0.150 0.137 0.009
© o
o o
o [
N~ 8 8
o ] ' o g
! e
© | ' _!_ :
o . ' !
0 | ' : |
o . '
< |
o T
© | | :
© . ! .
o~ | : : !
o —_— o !
T T T
Class1 Class2 Class3

Figure 4.1. The overlap for distribution of propensity score between latent classes of puberty.
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Figure 4.2. Plots of standardized mean difference (SMD) in the confounders between latent classes of puberty
using ACE (total population), ACE; (early puberty), ACE> (mid puberty), and ACE3(late puberty) weights from
PLCA (Each of colored lines represents a confounder’s line connecting two SMDs between treatments before (left
side points) and after (right side points) using ACE, ACE;, ACE>, and ACE3 weights).
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Table 4.3. Model selection for adolescents substance use

SGEEHQ G? df AIC BIC CAIC aBIC
27 M= 2y 98.21 36 120.21 184.34 195.34 149.39
37| HE 2y 30.53 29 66.53 171.49 189.49 114.29
47) M= 1y 14.66 22 64.66 210.43 235.43 131.00
57) M 2y 2.27 15 66.27 252.86 284.86 151.18
67) M= 238 1.30 8 79.30 306.70 345.70 182.79

AIC = Akaike information criterion; BIC = Bayesian information criterion; CAIC = consistent Akaike

information criterion; aBIC = adjusted Bayesian information criterion.

Table 4.4. Item-response probabilities for adolescents substance use

[s) R ] A= o
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v T " o T g =1
GE nES 0.148 0.048 0.000 0.000
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Table 4.5. ACE and ACE; estimates for puberty on substance use
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ACE (HEAS Fad e
2(RF85 Faud) HEANZ o 1.407 1.552
Z% A2a 2.088 2.212
ACEs(w H24 ooy
3(U5 Fd) HEMZL Aay 1.562 1.497

ACE = average causal effect; ACE; = ACE on the treated.
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