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FZol gt wloj A ¢
pr

PEduega 85 AT
I~
T

A4 20189 8€¥ 20,

BEAQ $32GE P PCB7} o149 Yol mlxE 3ol tha) 24 LIFE A72 7w
0% WA 7 BAE BT PAASEE AN, £ RYANE TRAL AAY AR

AU AgSn AAAS WSE =dste] POBS) o 42) 240 the 24 YL AFAAT

EN

m[m ol

gtk ma WAL A Yehe W PCBGS the] sl £ = 2y AgAAt TALY
4 Bh2E MOMCH /Me £ Wold 4202 A8stan, 29e) vag 14 DICE A

I-J

R B A A P L ERE
o thet SHEol Yo W YL FA 5 sleinh

Fagol: MEEAQ EHAER, MEREs duF, VASA 4w, FAAS ¥4, LIFE

A
1. A2
R FEol o3l DAsk= A FF % FEle v ettt 53] A5HI FHLd=2el
o =& oA A4 Y da e B¢l 2 dF2 A Ak dE S0, Sl d
(polychlorinated biphenyls, PCBs)& AEA] WolA % AS el dEF A4 9E4=

FEF wel Y A 7159 oS doivka dElA Utk (Meeker 5, 2011). ©l=e] =5 H B
A4 At FHoFs R ANZWNEALA (Eunice Kennedy Shriver National Institute of Child Health
and Human Development, NICHD)o|A] AJ&¥ LIFE <13 (Longitudinal Investigation of Fertility
and the Environment Study)oll A+ 36714 $F2] PCB 5% 714 7] ojAde] A4l o] Hoj sl oA
TE 339t (Buck Louis 5, 2011).

QA GIRE WGHSE AT A YIAoz 2AaY HARAL ABde] BAT 4 o

U, LIFE AFoA9 PCB %32 A5 3HA W 09 e 7HA= vrad<d 28 (semicontinuous

data)] AAE wi QoA T A2y 3R FE3A B2 00 thsk AdFe] ofHE 4 Ut
(Zhang 5, 2012; Hwang 5, 2018). ©]#3 £AE 14317 &) 3322 =& 2 A9 oy &

813 CAU GRS A 910l 2] ako] 245 97, 2016WE A3 (2839 Ao
St2 A A e XY 1 539 7]201;,\}04%1 (No. 2016R1D1A1B03933334).
(06974) AEA FAT SR 84, Ltﬂﬂi’— SE&FA T, AAAA.
2 AAAAL (06974) A& A 2T Q 84, =¥t FE&FATH, .
E-mail: bshwangQcau.ac.kr

o] L—Er% 20161 = =9 f
dg o
_§_
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EERRS

S8k Wl IAASEY (latent class model) o] F5 AFEFH ot} (Lee 5, 2018). A}
ot 22 2
=

Y] mEH YT ol Hi) MeS o] Aok AL 4 U] whgel 3 BA
s2 o A 97429EA% 1 Meus7e] BAE Lolusn Agshe Zoloh
Lin 5 (2002) Aoz ZHE AYA Eo)39 (prostate-specific antigen)T} AP AL AAE
Yohii] Aol LAASERAL HET BATAT. Neelon 5 (2011)& 2hme] F47420] HAAZ
of Bl el o) Wol Ak Wil 28 FAAZERE ALAAT. Liu 5 (2015} FAA
Ano AE ARl e AT 2AS AET 0] PAASESE LA, Zhang 5 (2012)2 )
449 Welg Wt BASQELY AWAL 14 AFULE (endometriosis)®] AT A
BAAFEES Aen RASACh 3 Hwang 5 (2018)& LIFE A8 834 ATE2 99
28 AAASESE ARG o 48] B9 ol 3318 o) BAE B,
o|g} e FAANASZEYL F2 HY/FsE ¥ (maximum likelihood method)-& S3| A FA]=] of

9, 70 W Hge AN A257] AalA cheke AwEo] AlgE o] Utk Lin 5 (2002)&
_4;“7}_1:7\24& (maximum likelihood estimator, MLE)< #A4Fs}7] 93] EM ?—_.J'_T_B]EE A3
11, Zhang 5 (2012)2 MCEM (Monte Carlo EM) ¢8558 &-8319 S333 A4S s 2319t
TS Liu 5 (2015)2 7H¢-2 4 HH (Gaussian quadrature approach)& A-83}o] MLEE A4t
39 th. Neelon 5 (2011)3} Hwang 5 (2018)2 MCMC (Markov chain Monte Carlo) #'H-& EU)
2 WolA e BoEe AT

B ol AE Zhang 5 (2012)7 Hwang 5 (018)904 AH88 AAAZRIE A9she 8529
279 PCBS o149l 29 7hs Abole] ABAS wol ek P %
SAE LIFE 970 482 4 9 2AAZ73E dga. 33004
AEEZ (prior distribution)E 7Fg3la 9 wE+ AREEX (posterior distribution)E A 4HsH
o MCMC Hle) el Ausich ma 249 gaAzel A+ 2857 91 29 v 2
DIC (Deviance Information Criterion)& 7FeFs] ‘-_._Ué?_r/}. 470 A= AA LIFE 93 2155 EUYE
PCBS} oJAe] £Y zko] A tisl] B8ttt o2 53ofAe & =79 22 ARt FF
T} el i =< sttt

rlo

WS Y (= 1,.,n)FE 98 449 EY FHE vehe ol@RgR Al AsiRe o
(infertility) 1} < 7}Z]‘jri 7Hgstth. AWHs X iiA ooAN S48 FHedEdY 5
=5 Uk o], Y;8 X, 98 #AE AWsiFT] e o149 Edel tiE AREE Vel
AMAZ M4 (latent class variable) L; S R3] =8ttt =, iH7] oJ4o] kA 98 218 (k =
K)ol &8tthd, L = k7F 522, ojuf k7 Z7138l wet 8de dist 1@ =7t S7kstciar 7Hg s
o} A= S, K—3°] ZLZHﬂ]ZD‘ﬂO AN (Li = 1), FE (L = 2), 2T (Li = 3) AS2
2 a9t =3 AT kel £35S m = P(Li = k)Z RFoJ3itt. dutdor JAQASEY
qAE F HS V¢ X, 2AF =7 (conditionally independent)& 7} 3ttt &, T W] IA =
HANAS W Lioll SJsiAwt drgo] Ha1, FU3 FAAS WolA F Wae obrd #de 7HAA &
=T (McCutcheon, 1987). FAAS WAp7t Fo RS of, iHR] Ao E¢e] 2 FE2 th3} 2ol
vekd & ok
K-1
logit P(Y; = 1|R;) = Bo + Z Br Rk, (2.1)

k=1
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A71A Rii= FAAS WS Uehll 7] 13 AA-s2A v} o] Ao

. ifLi=k, k=1,.,K—1,

1
. (2.2)
0, otherwise.

5 @ WUz TSkl 4 (2.1)9 2EF 2 fo + Lok 2o
o, th ol B9 FAAAS e ME} ATl Adaglel A Ktks BAlo] Ak w
A 2 =wolde Eop A B AXNMSE =Yste] Y-S BT o, K7He] FAA
< K
ol

P

— 1709 A7 AEE 4 5 Yok B3 B = (Bo, .., Bx-1) & FAAS
SR A% WELE eI

LIFE AT (Longitudinal Investigation of Fertility and the Environment Study)ol| A+ 36712
7] the PCBE thR1 Qi+t 8 =%odA+ 2 59 sl PCB1779 238 25 A3
th. PCB177& 9F 26% 7}l 527} 001 AU 574 7Y AEE UF ZobA 022 FHF=H1 9
ol2] gt RFALA <l (semicontinuous) HoJEl& 08 Fho] LA Sh= HBER 28} 0Kt 2 Fholl st ¢
&3 By 3 229 PHE SalA 2P 287t Aot (Liu 5, 2010; Neelon 5, 2011; Liu ,
2012; Kim %, 2017). Figure 2.19|4 B& ule} o] PCB1779] £2+ FEdHA B2 09 & 714
I YA, 02t Z gholl thsl 228 A $ £2& A2 E 2AMHCE 21 9t

Foeon

Histogram of PCB177 Histogram of logPCB177, PCB177>0

Frequency
40 60 80 120
1 |
Frequency
20 25
1 |
)
1

20

o o R lhon i
I T T T 1 I T T T T T 1
0.00 0.02 0.04 0.06 0.08 -8 -7 -6 -5 -4 -3 -2

PCB177 logPCB177
Figure 2.1 Histograms of PCB177 and logPCB177

PCB1779] o|#|g SA4L vlgoz X, & T B Ui Vig AHgshe] thest o] vhehd
2 olq_
T R T

A Vi= £ (2.3)
0, if X;=0 1rrelevant if X; =0,

A7IA Uie XY 09 4FE Uell= AAASolaL, Vie 00] ofd X g& YEtll+ d53 Hgol
t}. Figure 2.1& vl¥ o2 V&= th23} Zo] 2aFHETE wErty 7H3 3t}
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AN pi(Ri)<} o* = 72} log Vil B wt B4k Uehdth log Vo) B FAAS W4 Rioll wh
2f deiviar 7 sk, ot 22 BAE 7HAA "k

K-1
wi(Rs) = oo + Z o Ry, (2.5)
k=1
371 R 4] (2.2)0A AR nke} 23, a = (ao, ...,ax—1)" & A7)0l 43sH= A4 HEE U
ehith w0 Xi7t 0] obd BHES 00] ohd X, gkl Bt welol Stk s et 2
o 2ARYS 4AUt

logit P(U; = 1|Rs) = 1o + mpi(R:), (2.6)

Lo, B,m, 0%, 7|V, U V,R) = f[ AN S T R
7 7 ) 7 7 7 K 1+6A’L 1+6A’L

i=1

et pi(R;) i 1 T—ug
X (1 +6770+771M(Ri)> <1 +eno+mw(Ri))

X [IOgN(Vﬁ:ui(Ri)vo—Q)]ui X Ly, (27)

AZIA Ai = Bo + Sny! BeRwiol 1, mr, = P(Li = k)2 Ael9t}
3. Ho]x|¢t =&

8.1. ARzl 714

AAAZ RG] wo A2
SYH0 ARLES 1

A4e g3 A (2.1), (25), (26)9] = a, B,nol thal 27 e 2ol

RUANC)A

~ MVN (pa,Za),
~ MVN (s, 5g). (3.1)
~ MVN (,una 271) )

3 @ R

AN MVN(p, )& 37 po TENHE $2 /A= i gies Jehich ARz 3
Z9 pa pp® DL K x 10]7, ZEI a9} %) AL K x Kolth p, 9 £,9) 9L
747} 2 x 13} 2 x 20|t} T3, PCB177 552 ke 7t (Vi)oll tid 2ad7Eze] dxms (



A Bayesian latent class model for effect of environmental pollutants on female infertility 1261

parameter)°] ThaljA= FHAAAEE (conjugate prior distributioin) ¢l S 7tu} £ (inverse Gamma
disibution) & ATk o° ~ 16y b). % FAATN S AFA AR FAHARLL T2
48 ¥ (Dirichlet distribution)& W&ty 7} 3t}

(71, ..., mi) ~ Dirichlet(ex, ..., ex),

A go By AAAZ FAS Kt deA glekn A9sn, By v PEe S5 H2e
£ 7otk 2y HlE Pl delAE 347004 A3 e

4 7)14 AR FRYelE ASEREY 318NN AT AAREES o] §3tol Thet 2ol
X

p(e, B,m,0°, 7Y U, V,R) x p(Y,UV,Rle,B,n,0° mp(a)p(B)p(n)p(c’)p(r)

Yi 1 1-y;
> H <1+6A> (1—|—e"i>

enotniui(Rq) v 1 1—ug
X (1 +en0+771M(Ri)) (1 +e770+?71m(Ri)>

x {log N (Vi; pi(Rs),0°) } " % WLi]
XMVN (&; pas Za) X MV N (B; pg, £g) x MV N (; pnyy Ey)
XIG(UQ;aU,bg) x Dirichlet(m;eq,...,ex). (3.2)

A (3.2)0A 73 AT RERRY 7 ol itk 208 AR E2E Abeh v 2k

n i (R g 1—u;
plal=) o« }:[1 <1—inzn0nj’:1;i(;i)) <1+eno+1mm(Ri)>

x {log N(Vi; pi(Rs), 0 }“1] x exp{—f a-— ua)TEél(a—ua)}, (3.3)
(7o) () ] xexp{ =58 )" 55" (8 o) | (34
+ ehi 1+e 2
s« 11 |

enotmipi(Ri) 1—u;
1 <1_|_e770+771m(R1)) 1 +e7]0+n1M1(Rz)>

exp { = 51— )55 1 o)} (35)

Ar

n

rB-) = ]I

i=1

p(?]—) ~ IG<aU—|— Zu,,b + - Zul log Vi — i (Rs) )),

i=1
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p(w|=) ~ Dirichlet (ZIL =1)+ei,.., ZI —|—eK>, (3.7)
=1
Ai Ye -y W0+U1M1(R1) Ui 1-u;
pLi=k-) o (g o) (S , L
14 ehi 14 ehi 1+ eno+nipi(R;) 1+ emotnipi(Rs)
x {log N (Vi; i (Ry),0%) } " x mp,. (3.8)

3.3. Markov Chain Monte Carlo

2] (3.3)-(3.8)0l U<} Q= 7z B4o] AR ASZERE nigrog 712~ AEZ# (Gibbs sampler) 2}
HEZZ2] 23|28 (Metropolis-Hastings(M-H)) &312]&8 Z 33 Markov chain Monte Carlo
(MCMC) ¢a8]&E AMEslA B8 FAstE 3 st o3t 22 dAE AX MCMC €18&2
3P Hch

o
.
2

U

Step 1: 249 %73 (a (0) 5(0>’n<0>’02<0)7ﬂ.<0)) 945, FAAZ We L (i =
1,...n)E 708 BEdjg YAsc}

Step 2: t AR gl (a®, B0, 90, o*O 72 Fo) S f, t + 1 AE] FE 4 (3.3)-
(37 o1 83lo] The 3} 2ol SAH 02 SJelolE T,

3)2 Mo M-H e g3t ol MEYac:

o Al

PtV n® 520 7O

>~
m{m
ol
et
kv)

3

(

(3.4)2 vlgro 2 M-H {2 AHgate] B2 4
(B(t+1)|a(t+1) 77(t) 2(t)77r(t>7_)
(

(

(

o Al

p
o 4 (35)8 HFOR MH WHS A3l nE 4Bk

pn )| gUtD 520 2 )

e 2] (3.6)2 HlE2 & Gibbs sampler ¥HHS ALR3te] 022 MEZ 3T

p(e>HD|QUHD gUHD (D) 1(0) )

e 2] (3.7)& vl E Gibbs sampler "HHE ARR3te] n & MEH ok

p(rHD Q)| gUAD () (2041

Step 3: AAAZ ASL L; (i=1,...,n)= 4 (3.8)2 ulgte g M-H S A3k ol
3=y
Step 4: Step 2& Eo}7tA +8E wj7hA] WHE S}

e,

At o g WERZ AR due|Ee AT o], FANel & FHA ke B9t dAet

T sty ol & s Fsy] H5 B =R 2R WEZEE A (adaptive Metropolis) &aLE]
25 AR Y (Haario 5, 2005). =, A|HE X (proposal distribution)?] #ARS AAQE w], 3
AA (empirical) F4H} Z2AATE AMESt] W) DA 2AH ARJMEEE FIA THFE (candidate
value) & 312 3tch. ol & Eol, t +1 AIHY B4 00D S Qfelo|EdlY] S8l TR 675 T 2

o] 2743t

N

]

IN

)
—
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0° ~ N@OD, VW),
B { v, if t<to

V(t)
sVar(0©®, ..., 007D 4 se, if ¢ > to,

A7IM VO B4 g0 st AlHEEe] 27] BAlgroldl, s FHe A H]E (acceptance
rate) & RGN FE A, 281 2 ofF 2 AFitE Uehdh daE|Ee 7 ofRE E9l
3}7] $J8iA] trace plota} BEo] Gelman¥} Rubin®] potential scale reduction factor, RS A3t}
(Gelman 5, 2014).

3.4. 23] v

FAASERANA HA2l KE 2487 AAslA 23 vl A4S A3k we|x ¢k | =
2 2ol 23 v WYY S 3l DIC (deviance information criterion)+ T3} Zro] ot}
(Spiegelhalter 5, 2002).

DIC = (9) +pp,
o714 D(0)= B4 Hx} (Deviance) Z2A D() = —2logf(y|0) + 2logh(y)E A=, D)= A

Ao NERFFS veEpdtt. 283 pp = D(0) — D) = E[D(0)|y] — D(E[0ly])= ZRA AH&H
B0 4w 23] Biet Aro] tid s dE S vt 1R oy 25 FoA o F
DICE 7 Byo] 4rfjHoz toleg o & Agstn Jokn B 4 gk AT, FAs7t
=g 0] 9 RHolNE 24 07 B4 48 7Hsd AL okhyy) wjeol Hol4 Fo | DICT} gupe
e AFEA B A7 BT o] 2 HekEy] YA Celeux 5 (2006)2 FA|H7 234
230 A A £ 3l 3 E DICE th3 ol Alekatsitt.

DICy = —4Ey,z[logf (y, Z|0)|y] + 2Ez[logf(y, Z| Ee [0y, Z])|y], (3.9)

A7 ZE A BEHA e FARSE ey, 49 DIC (DIC,)+ Z& 33 g ol g
7558 (complete data likelihood function)& HFHo 2 AMFETE B =FAE X
M KE ohddt oz IAHA AN 2Yg3et &, 4 (3.9)014 2l4d DIC (DICs)E Artste] vl
doen HAHe KE 2R3

)

4. LIFE 4 #2t59] £4
4.1. Ago] &

o] ZFoll A= 273} 3704 At FAAZEZ et wlo] A<t FRHYHE AA| A7 A&t
I A= A9 Bux)sit), o] oA AR LIFE A (Longitudinal Investigation of Fertility and
the Environment Study)ol|AE IAIS A|Z311 = & 50142 ASES 12719 7 38 241819
o4} w9 olE AL, AA ATE BolH BAol AEH ATE S 37840, 1 Fol
Al 5679 ool Bdolehe 2AE A FHJUth E3 AF A=A PCBITTY 5552 999 (o
26%) 2] oJdo] 0= 574 E7HE AEE UF FokA 022 HAFH = 32 7HAAL Aok Figure 2.190
A JFALG A Q1 PCBL77 AH5.9] 545 &1 4 Ut
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a~ MVN(0,100Ix), B~ MVN(0,100Ix), n~ MVN(0,1005),
0? ~IG(1,1), m ~ Dirichlet(1,...,1),

€ AAASY FATE vebdth. HAHY KE Zopf7] 98] K = 2,3,4,55 733 2
= 47 AN = Y HbL 1<l DICE w3ty 2 —Zrﬁﬂhﬂoi‘— 3.3l A a7
HZ A AEeiet BAzxd HEZZes S-S Z2Fs MCMC S ARSetledl, A= o
2 5709 chaing 7FR3 £ 50,0009 wHEX T} 25,000 A A (burn-in)—g— B3 4 BES
Ho s FAXE Attt 72t Be FAXY $HARE Fsty] A3l trace ploty} Gelmanz}
Rubin® RS AF&-3H).

2% 7} B4 BEFEL trace plotS B3] 2918 23 x| dog 2+
o
=

=
FEHIL IS & 5 Al 53], HEZZYA ¢SS AT g £2E A3 s Al
OHR o] T B Zhol e N]E (acceptance rate)S 0.44F R AR A WEZ ZE|A G ES AL

']—93\1’4— (Gelman 5, 2014). Gelman¥} Rubin] R A 10 71727 Uk 380 2 247} gl

Table 4. 12 ﬂxﬂﬁliﬂ FMg w2 7] o2 vl e 23S LIFE X5 d8AI7 232 A
ZF Rao] 2AX 9} 95% AlFF7F D DIC (Deviance Information Criterion)E YeR 1 td. WA
DICE 7|&o% B3g vus|id 37H-°4 FAASCE o]Fo)x Y (3-class model)o] 7 22
# (-1872.5)= 7HA AL oA LIFE A5 & 7 & AWsia dvkes AS & 5 At AT
7L 4, 5702 EolEd& DIC 32 %—7}6}1 QAT 67) ©]de] RYEE 29 sES 7HRcka &
3 £ Qith S| Table 4.190] & FAASAA £& & (r)9 432 vasfid 19T
2 ZA5E O A £ &E°] 09 7HAIE AL AT 5 ok dE Eol, 5709 FAAS
5§°ﬂ/ﬂ my = 0.08, 715 = 0.0224 APl £ FE2 0o 7 vtebdtt. webA A8 AS

o MEAo R e AL 2 Ju|rt glar, =5k 3 e] HeF (parsimonious model) SHoA BE
= 670 o) FAAS B¥S 1T daglo] 3/ AAAE EYol H A Ryolztu ZEWE
4 St

HHe mygor Hdud 34 IAAZTLE o]Fo By thdt FAH 42 ok} Atk
] A 3709 FAAZTES ANEE, THEE, LAFTL=E Fovid, WA B hst o=
(odds)& AAETET SAZTANA &F 19% (=exp(0.17)) A= Al Vet dhde] 19 dT
A e A BZAA R} F Foll 718 (=exp(0.69)) 0] O EA el &, 5}751 JZ A T3t &
AAQJA APE7}t BoldE E tist £=7} Srlstar, 53] A E A4 o2 v A
O 2 27188 HolW Yo & 4 ¢th o]& Table 4.20] & AFE s S =) Table 4.2
Zv7) ol e BEoA 7 ZJXHHI%OH/H dAsHs £ 52 4% Oi-ri Atk 374
O FAAZLE o]FoX BYPoA F4H B 52 AFTLE 24T FH Eolxa 9, &
3 IAFETOR HolrtiaA X o 2 S7HFE HojFa gl o 2z Nz 22 e

I

IO fo o > A

v
I:I}r

lil
_HlnE?L

rlr
KO
X
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fz
Q
Ay
®
a
t
ot
=2
>

3 9tk & £, 4719 IFAAZLE o]FoiZ

= g E9°] gEo] F7Fetal, 53] F A A @A Al MR
F7tEE o1 9o, v WAl f1ET o v uf e FlERe] As)
2o HEg Bl 9t} Figure 4.1
Vg 2949 gEo] 22 HEE Sk

= [e)
71 BoFe Aottt & FAAHQA EAF (threshold) o] &8t

o 1 ot
=
o X
fu b
Z o2
1 2
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Table 4.1 Posterior means and 95% credible intervals for parameters in LIFE data analysis

Estimate (C.I.)

3-class model

4-class model

5-class model

-4.09(-4.17,-4.01)
-3.10(-3.13,-3.07)
-1.61(-1.65,-1.56)

-1.27(-1.31,-1.20)
-3.53(-3.57,-3.49)
-4.60(-4.66,-4.52)
-0.04(-0.09,-0.002)

-0.85(-0.91,-0.78)
-0.23(-0.27,-0.18)
0.16(-0.08,0.42)
-3.12(-3.51,-2.73)
-3.87(-3.94,-3.79)

-1.15(-1.31,-1.07)
-0.86(-0.93,-0.77)
-0.69(-0.76,-0.60)

-1.62(-1.69,-1.52)
-0.46(-0.49,-0.35)
-0.39(-0.46,-0.31)
-0.11(-0.18,-0.03)

-1.93(-2.02,-1.83)
-0.63(-0.74,-0.55)
-0.58(-0.65,-0.51)
-0.11(-0.21,0.02)
-0.05(-0.14,0.01)

-0.05(-1.07,1.14)
0.12(0.02,0.21)
0.33(0.26,0.41)

-0.25(-1.73,1.33)
0.34(0.13,0.55)
0.30(0.22,0.39)

-0.92(-1.50,-0.31)
0.56(-1.07,0.18)
0.31(0.22,0.40)

0.007(0.0002,0.01)
0.96(0.92,0.99)
0.03(0.007,0.08)

0.09(0.01,0.19)

0.88(0.78,0.97)
0.01(0.0003,0.05)
0.01(0.0003,0.05)

0.01(0.001,0.07)

0.02(0.0004,0.11)
0.87(0.73,0.95)
0.08(0.01,0.16)

0.02(0.0004,0.09)

Parameter 2-class model
ap -5.39(-5.62,-4.90)
a; 0.48(-0.02,1.25)
a9 -
a3 -

(e %} -

Bo -0.97(-1.02,-0.93)
B -0.73(-0.78,-0.62)
B2 -

B3 -

Ba -

Mo -0.07(-1.92,1.74)
1 0.08(-0.07,0.24)
o2 0.32(0.25,0.40)
T 0.04(0.005,0.11)
T2 0.96(0.89,0.99)
T3 -

T -

5 -
DIC -1849.1

-1872.5

-1784.2

-1671.6

Table 4.2 Fitted probability of infertility by latent class models in LIFE data analysis

Fitted Probability of Infertility

Class 2-class model 3-class model 4-class model 5-class model
1 0.154 0.118 0.111 0.072
2 0.275 0.137 0.118 0.075
3 - 0.240 0.151 0.115
4 - - 0.165 0.121
5 - - - 0.127
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Figure 4.1 Fitted probability of infertility by latent class models in LIFE data analysis
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Abstract

We proposed a latent class model to examine the association between an environ-
mental pollutant (PCB) and female infertility in the LIFE study. We assumed there
exist latent risk groups of subjects and linked the PCB exposure and logit model for
female infertility through the latent class variable. Also, semicontinuous PCB exposure
was analyzed through a mixture of a degenerate distribution at zero and a continuous
distribution for nonzero values. We took a Bayesian perspective to inference and used
Markov chain Monte Carlo algorithms to obtain posterior estimates of model param-
eters. We calculated and compared DICs for all comparable models to find the most
appropriate model for LIFE study data. As a result, we found that the risk of infertility
was affected by latent risk groups of PCB exposure.

Keywords: Latent class model, LIFE study, Markov chain Monte Carlo, Metropolis

algorithm, semicontinuous data.
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