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Abstract

It is common to encounter correlated multiple outcomes measured on the same subject in various research
fields. In developmental toxicity studies, presence of malformed pups and fetal weight are measured on
the pregnant dams exposed to different levels of a toxic substance. Joint analysis of such two outcomes
can result in more efficient inferences than separate models for each outcome. Most methods for joint
modeling assume a normal distribution as random effects. However, in developmental toxicity studies, the
response distributions may change irregularly in location and shape as the level of toxic substance changes,
which may not be captured by a normal random effects model. Motivated by applications in developmental
toxicity studies, we propose a Bayesian joint model for binary and continuous outcomes. In our model, we
incorporate a skewed logit model for the binary outcome to allow the response distributions to have flexibly
in both symmetric and asymmetric shapes on the toxic levels. We apply our proposed method to data from
a developmental toxicity study of diethylhexyl phthalate.

Keywords: Bayesian inference, diethylhexyl phthalate, joint modeling, Markov chain Monte Carlo, skewed
logit model

1. M2

Bpke] AANA F A o]k SAATF BA FEEE e o, T3}, AR HE, A 5 o
] theFst Fopoll A &3] vehdth. 53] A8 Hofol| A= o] 54 A2 (treatment) o] Fol| o}
gt AR ABE F R o] HTt Bl S e ASE T Lt A8 S0, ¥E =4
5}H(developmental toxicity studies)o|A+= oJH FA EZ9] 77| tfE £Fo 25H A% oju]
o tis A B5FA, 1 FA, Az FAl(gravid uterine weight), Bl o} (pup) ] <3}, B ot

52 2]
718 (malformation) oJ&, Ejo}e] F7(fetal weight) 5 o8] 7}A] T} 43t WEo] o]@ A JgS
g A7stth oju] 4 WEES FHAA MEARY R FA8H HW A (biased) 2IE
T A7) w2l F AR o]e s AAAe 1Es 2¥EF L ARS8 of gttt (Catalano$} Ryan,
1992; Regan¥} Catalano, 1999; Dunson, 2000; McCulloch, 2008). oJu] W52 FHEe|= |4k,
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WEY, 943 5 0k FekE W 4 g, ol ol 7] THE Fehel AREL AAA B4
g uf] FAH<(latent variable)E &-83= 2R F o] T2 AREFH o gt} (Catalanoﬂ} Ryan, 1992;
Regan3} Catalano, 1999). Catalano2} Ryan (1992)2 M Z A#FAA7F & o] R4 Wl A&53 ¥
1 Y AYRAE AN o105 Wl Lol 2o A5AS| PAULE ATk 2 3
A £33 Wyl AFEZE == AP 7 (random effect) & FHTo 2R F W2 AAdd
AE J_Eﬂ‘G}f Halo g T HeE AT Dunson (2000)2 X4+ (exponential family) 325
741 £33 Azl dhste] wlo) Xt S A sl AR P AAISHITH
AARTE 788t A& Wy
25019, A 3
dAs BE Wl AN o845 AR} FRA
< 7He AF AFEx AR 2P A5 vgINES Az
AA "ok 54 BEF 7HEeHA 921 EARAR] £29 FHiE 2y 3lete Uy
017 2H(nonparametric Bayesian) #o] ole] Hokol s Thobsll AH8 o]k} (Sethuraman, 1994;

=

=

e
. 18

[}
MacEachern, 1999; De Iorio 5, 2004). 53] Dunson 5 (2003), Li 5 (2004), Hwang} Pennell
(2014), Hwang3} Pennell (2018)-& 8] 24> #|o] 2 ok WP S )7} th2 £ W5So] AR o AL
dto] ARz ey 2] S S E3 T

Hi A A o] X4 A5 E BYFehet] AMSEE = T2 PH2Z Chen 5 (1999)2 vty <14
3 23 (skewed link model)& AAISFATE HhA AAES B2 Aol dojd FEo] 002
A £ 12 2= S AZ bg=2A dAst dxd A 2y 2A2F 3R

9]
WaA) 2oke AR
] 23 23 (skewed

¥ (logistic regression model)°]u} L2 Yl 3]7 2§ (probit regression model) ]
o] EFPAHS A3t Chen 5 (2001)°]yt Kim3} Hwang (2019)2 w4
logit model)& W] x|t & ol 7]9lete] By 248 33t

B weRlAE Aw ADVAZ ZAG: o5 Auet A5y Aue Agwdel v w3 ¥
2 =qsel 27YAY e T WeE
4 2R 77 2 L3 2o = =

@ (National Toxicology Program; NTP)o| A =33l A& F o gt
late (DEHP)"ﬂ ot Hlo]ElE ARS-Ste] R3] AR

2352} 9143 (continuous) AFFof gt 7|22 Q]

3

A
=
%

e g riz

5t =4 &2 diethylhexyl phtha-
S8t A} sk 2% oA ¢4 (binary)

)
=
53y 473 dusa vy 24 2YL =98 3

AR /\7H3“3‘r 37 M AAE ZFol sl wlo|x] ¢t & MRS /gt A5 VteE
g, M50 AR EZ (prior distribution) 2} AR 3 (posterior distribution) & A2 2718k, 9]
2 AR R 7:]]/:}3}7] 913t Markov chain Monte Carlo (MCMC) WS a7lstt) 43 = 54
€74 DEHP7} 9418 Fof] o 43S vX]+= Aol gt AFE 2708k vy 24 23S ARE-st
AR FGo] o] Holefol] oEA HEH o] AAE &3 YA A4S v Lo R 5FME B
2L 2o AT GF 5 A7) el dhal ol wheh

2.1. Agtosio] 24

vt 54 B §3 22 Uehin dAe o289 g ARitkn BTk Yy = (Yo, Vi)
54 240 iR 8% 40 =2H AR Aol ZHE 2 x 1 MER o) R0l WSS
BRITH (i = 1,....d, j = 1,...,n). ol Yipn @ o5 Fehe] Woln, Vipt 953 Belel us
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(1, iy >0,
YT N0, it gy <o

olul % s Aole] AATAE 23] A gyl T FARS 4, 3y E DT 2 APE
4g 7AgT
yij1 = Bro + Buixs + dizij + €1, (2.1)
Yij2 = Bao + Ba1i + i2zij + €ij2. (2.2)

olw} B = (B0, B11, P20, B21)" & FA BA &3 2,9 1A &I} (fixed effect)e] A} 7] €715 e
, ziji= WAl 574 (subject-specific) WHEHE z;; ~ GE WEH, (6i1,0i2) = AFDETC] st AL
VeRdTh AR A zi5E v 9 yigeol SHELEN T WS Alolo] AABAE AYsiEh. e
Qa8 el AL €1 ~ Fl, €ijo ~ Foetd ZARS ) (i=1,...,d,j=1,...,n).

R R

QG Wee FANSY ALY WS Aol BRI AYES 2yt ANHOE AFREE G
)
o

o} 7}t (Dunson &, 2003). 3A% 54 82 DEHPS] 3 oﬂ/‘ﬂ A4 i%ﬁi 22 A A
she 27 @AY oA AR A A FEE W de 76?’r 2 1 54s Az v
34x] Z3i). o]zt A vthA AZAT4 2 Y (asymmetric link function model)S AMESHH ARA

o] AT g0l 008 FIohes £E9} 12 FITohs S5 AR 2 AAste] o] X5 AR v

Ay 4E& AsiErt. Chen 5 (1999)°] ARESE vt 23 28-S 99 ZFRF| =Y 259

B3 G vUA 229 FAHRESS, oAl e Fist P thY 229 FARESSE wenh

1 7HRE 4 Aok olu A (2.1)3F (2.2)° Y& 6T bt iHA §F A FHH oS W

T FAHret A5F WY vt 2 (skewness parameter)E ZH7F UEFATH —00 < i < oo,
5

o]R4 W4E mY3Et o o A S ARgEHE B GoF By, 28 vt 2 69 gl
met o H7EA] T FEY BYg XA "t o E S0, ¥t 25(6a) 7t 001 AY G7F HEHE
* (degenerate distribution)& rt}%t}%l, A 92 B3 A A4 28y 22 JEHE 714
A A 5, e BEATEEE APSY mey £
2 7Hg%td EA~H wwu P E Z2A drt. AA] dloe] AN X G+ v 22 dht
EZAFEE (half-standard normal distribution

o 2
oy
2,

i
N
N
ox,
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N
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o
M

o233 Zo] A $E 3 (exponential distribution)& 74 3te] AR 9% £5 Ut
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H)Eh B4l 5,10] 00] obd Aol By HEI} HE
3

ojg Az oA ZHEF MY £ GE A (2.1)F (22)0dAAH A5F ARt AFEAE FHA
T HH ALY A5 v AAA 54 JA] A+ ok O]“H HIT Y B 6017} dioe B3
v A=E AWslErh o S0, HthY 71 00 B B3 o] 5 7] wiEol Abde] deojd
ZE (piy)°] 022 HIohe HE0 12 HIoke S5 24 doh SRk, vty 247k 0k =2
W y;;19) FHEE (marginal distribution)E LE2£ 02 2]92]7] = I (skewed to the right), oJef u}
et pye 12 A2 dje] S22 04l Bt o] 2ep A %r/]’. Hihe] Arole yin ol FHEET Y
z= OE -2 &3 (skewed to the left) 7} H_T_V, p i A wo 27 1g9u) B o w2 A

< 7HAA Aok ofw ®E qofl o] 6 = d17F *cﬂ%»]'@ Bxo| Nt A 4 8 T2 A
-“:]r%io] Fdsiths 2= oudt. AR t‘aL S M= 54 - 87 sF0] 5715l wet

o] ¥ =)
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o
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Hith g o) ko] Rtz Wstste 498 &3] & & vk wEbA ZyolA 6 thAlel 6 e AFERS
22 &% w0 e Aol vt A4S AHdlE 5 Atk ol dol teiAE npzbA] o], S
di1 # dipe 7P BN Hoh §A% dERFS s Aok

2 ,i)' €ij1 €
9(zij) = e T, Fi(eij) = ———, Fy(eijz) = @ ( ]2) :

(,@,5 o \Y X HH/ [F1(B10 + Biizi + di12i5)] Y9t [1—F1(510+511$z+5112”)] “Yil

1=1j5=1

x N (yijz; B2o + Barzi + bi22ij, 02) 9(zij)dzij,
A7 N, 0?) & BF psh B4 072 74 AFRES epdeh, A4 Hlole] BAolAE AL
S go|3HA d17] YA FAMS 22 1HI B (B,6,07)2 SAHlH 75 =84 (complete data
likelihood function)& T3} Zro] 3fo] o] &3ict.

d n;

L(B,8,0°|Y, X, z) = H H [F1(Bro + Prizi + 6i12i5)]V" [1 — Fi(Bro + Brizi + iziz)] Vit

i=1j=1
X N(yij2; B0 + Borzi + dinzij, 0°)g(zij)

1 1—yij1

ﬁﬁ { exp (Bro+B11wi+0:12:5) ]y”l {
Pl fnte] 14+exp (Bro+Prizi+dirzis) 1+exp (Bro+pPrizi+di12ij)

2 _1,2
e 2%, 2.3
o (2.3)

X

1
V2no exp [*Tﬂ {yij2 — (B20 + B21zi + 51‘222‘]‘)}2}
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3.1. AR} A2

QuiAel Wol A 22 WS ABE] A8l w9 waSol td ANEEE MU T AERS
£ ez AFATEX (joint posterior distribution)E #38t2AF $+t}. Chen & (1999)3} Kim¥}

1Y 22 289 24 8 = (B1,...,0k) T ¢ 5ol thalAl A X (noninformative)
AAREE T 2ol weshl.

p(B,0) o< p(9).

OlHH p(6)= ZZE3H(proper) AAAREZ = BH A3 F5 (improper uniform) AFAEEZE 714 4=
¢ A4/ (propriety) ©] RS ST & =7
/‘1L 741*}«] So|ga AT RE HAA 58 1EF] M B (8,6,0)00 tiste] 22 oS3 2ol

=949 AAREE Tt
B ~MVN (ug,Bp), 8 ~MVN(us5,55), 0 ~1G(a,b). (3.1)

o714 MVN(u, £) BF po FRAAL $E /A PARAFRES Uehl, ppsh pso) A9
2 47 4x 13} 2d x 10]2, B2}t 359 AFF2 ZH7} 4 x 45} 2d x 2do|t}. IG(a, b)+= FE)R = (shape
parameter) a2} 2] = 2 4*(scale parameter) b5 7}A| = & 740l £ ¥ (inverse gamma distribution) & 1}
Bl e, A48 W] e Agto] Hohe AFExe B4t ek FHARA-REE (conjugate prior distri-
bution) 24 AHEF Aek. 4 (2.3)0) BT Aol ZhsEReh A (3.1)9] ool that AARE
2 olg5to] th} o] AFAFREE T}

p(B,6,0%, 2|V, X) L(ﬂ 8,0°|Y, X, 2) p(B)p(8)p(c”)

O(HH { exp (Bro+P11xi+0:12i5) r”l{ 1 ]1 Yl
1+exp (Bro+Prizi+di12i5) 1+exp (Bro+Prixi+di12i5)

i=1j=1
1 1 2 2 _1212’_
X g exp {—@ {yij2 — (B20 + Borzi + dizzij) } } Tﬂe 274 }
x MVN (8; g, L) x MVN (8; ps, X5) x IG(0°; a, b). (3.2)

A (3.2)Y ZEANFEERRE 7 B}l IAAS zof] thet 2AF AR (conditional posterior
distribution) & Al4Fed o3} 2t

O( H H |: exp /610 + ﬂllxz + 511213) :|yij1 [ 1 :|1 Yijl
1+ exp (B1o + P11z + dirzij) 1+ exp (Bro + Brixi + i12ij)

i=1j5=1

X exp {_Ti? {yij2 — (B20 + P21z + 5i22ij)}2:|} Xexp{—%(ﬂ — ug)TEgl(,B — p,g)} (3.3)

d mn; i 1-y;j1
exp (B0 + Prixs + dirzij) }y”l [ 1 } J
Sl—
p( | ) x H H { |:1 + exp (,610 + Buxi + 61'121']') 1+ exp (510 + 611131' + 6ilzij)

i=1j=1

< exp|- o s = (B + Bonzs 4 Giaz)| f xexp{ - S0 - ) 5516 - o)} 30
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(U |—) ~ IG <a + - Hm,b + - ZZ {yij2 — (B20 + Ba1zi + i2zij)} ) (3.5)

11]1

p(z|-) OCHH { exp (Bi0 + Br1zi + di1zi5) r”l [ 1 ]1%”
1+ exp (B1o + P11z + dinzij) 1+ exp (Bio + Bi1z: + di1zij)

i=1j5=1

X exp {—% {yij2 — (B20 + P21z + 5i2zij)}2:| exp (—%zfj) } . (3.6)

3.2. Markov chain Monte Carlo

n| 2] 9 E—’Fé ZF23517] 3l 3.1 A AarkE =A

2} siek Al (3.5)9 Zo] £ Ex9 FHE 7+

pler) (Cabellail- George, 1992) WS AMES 4= glon)

A A HHS AT 71 gl A3l7] 913 Chen 5 (1999)2 A% ANMEEZ7L 20 2
5103

o] & i 3t
3} (log-concave)= B & A3 7|z} &12]5 (adaptive rejection algorithm)-& ARE3FA 1, Kim3}
7S
(C

A
Me
Hl
o
O.u.'4 0.
fuj
it
H |»
kJ
30,
N,
5

lo
oY,

(o3

Ir

Hwang (2019)2 AT AZEZ 2 EA o Ad&glo]l AT 4 = B} dubl HEZ -3
2~(Metropolis-Hastings; M-H) ¢12]& (Chib3} Greenberg, 1995)& & &3}t £ =RojA=
4 B2} 69l thshA Kim3} Hwang (2019) o4 ARE-SE E4kx27 W ER Z 2|2 (adaptive Metropolis)
2]& (Haario 5, 2005)2 AL3IAch =, AZ2] A= ¥]-& (acceptance rate) S XA 3}o] 8 4

MAs7] §18) HEZZe|a dugE ZF DA A ARES= Al HEE (proposal distribution) 9]

Blobodr & oae f
ﬂ-hr‘.‘ﬁﬂl]mlﬂ

2 AEEY] J8H (empirical) BAT ZASE ol § el WIHAATE A Fol, ¢ +1 AHe]
00D 2 el 3] A et ol AFEEANN AEDH TG candidate value) 67
.

sVar (9(0), RN 0(t>) +seg, if t > to,

A7IN Ve B gof that AR E] 7] Babgholal, e Bato] 00] H& AL ] 3 ofF
Zhe AAggke Uehdth =3 s SEY A vgS AT 23 AFE Ui, Gel-
man 5 (2014)2 d-x+ol el 2.4/Vd2 i’ﬁﬁ]-’?% AHEE o -%]73:94 e vES

AAIBFATE ol Al H A AN HjE-2 d = 1¥uf) 0.440]10, TAH(d > 5)22 ZA4F 1
H]Et o]0 =k 0.23 A= L7} 2 H o] QD}—T—’ AlFstict. =3k A
—‘H%H/ﬂh M-H 2 5 £33 399 57 =2 (independence sampler)E /\]»%' o} S MEZY 5
H o R1E N3] H"H HEZZE|~ ¢uegEe v dAvTh AJPEEEA ARMEEATEEZE =9
Ao ’\}%3}93\‘—4'- A (3.3)-(3.6)cll UEhd AR AL RS vl o R o3t 22 dAE AA %
2 AZE Yo WHEZZA-FHAEHA 0EL_V_E]*‘;(Me‘cmpohs—Hast1ngs—vs/1th1n—Grlbbs sampler) &
st

_I

(o3
r—|—4 N

it
2
o
o M
[t
ok
N

Step 1: &2 2713t (8,8, 0% )2 AAstm, FAAse) 273 =) (= 1,....d, j =
1,...,n)S ANEZAFEZNA Y43}

Step 2: tA189] gol (81,60, 0%0, 2) 2 FoIHS W, 1 +1 A e A (33)(3.6) o3
of thew} o] EAHA o= Yuo| =gt



Joint analysis of binary and continuous data using skewed logit model in developmental toxicity studies 129

o 4 (3323 BAZF MH $NE A83le B2 dulol= ik
(B4)2¥E BAZH MH PYE 831 52 elol=gk

5(t+1)‘ﬁ(t+1),02(t), z(i)7 Y,X)
(3.5)°) 7k} BER 3 Yo

(o 2(t+1)|ﬂ(t+l),6(t+1),z(t>,Y,X)

o 4 @ORE 57 AE PHE Agdlol RS 2 & Aolol= ek
p(z(t+1)|5(t+1) 5(t+1) 2(t+1)7y7x)

[ )
1>

=

e
el

& S AHEEle 0?8 ddle| et

[ ]
1>

’E

Step 3: Step 2& Zol7kA £H T ufj7pA] wHE3ic)

o et IS 27 AAMA A9 dAE 747'@ MCMCE A3st $of wojx|¢t

¥ (Bayesian diagnostics) & AF8310] LTeIZY #8 RS FATT B =RoIAL 71 durd
¥l o] trace plotT} Gelman¥t Rubin®| Potential Scale Reduction Factor, B (Gelman -5, 2014)
AF8te 58 0] 2 ol Fol HEA SASAT

tlo ro

3.3. AIZ HISEX

FoA] AAISE ARG A ALE o EEE (posterior predictive distribution)& t}23} Zro]

=
4 Atk WA o)A AAs e A iy = 19 AFF ASFES Asketd o3 2o
p(yisn = 1ly) = /// Fy(Bro + Brizi + 6i12i;)p(B, 8,07, zi;|y)dzi;dBdédo”

exp (B0 + iz + dinzij) ) ,
10,07, 2i5|y)dzi;dBdédo". 3.7
////1+6Xp ﬁm+ﬁ11xz+5l1zw)p(ﬁ o°, zij|y)dzi;dBdddo (3.7)

ALY Amol T AF SN SREE Tt 2ol A 4 ek

p(Yijely) = ////p(yijﬂﬁ’5702:Zij)P(ﬁy5,02,Zij|y)dzijdﬁd5d02

= //// 217m exp {—# {yijo — (Bao + Brzi + dinzij)}

x p(B,8,0%, zij|y)dzi;dBdédo?. (3.8)

2l (3.7)3 (3.8)0llA BofRl o]X4 A5} A% A5 ek ARF A SE2E Y A7
AxYet717F 44 fdrk metA o714 ZEZFEE A& (Monte Carlo integration) i
A S ALt &, 3.289 MCMC o AL o SR 29 BHZIERE AR
AlA 2 A& -4t

4.1. AIZ22| EHAH

o AolAlE 243 34olA AkE WHjY = 3 2 =
o dlolelo] Ag3tel RASIA Bk B ATolN A AR T NTPolA Fa8 498 7
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Table 4.1. Summary of the diethylhexyl phthalate study data

Dose Litter size Malformations Fetal weight(grams)
Dams Pups .

(ppm) Median (Range) No. (%) Mean (SD)
0 28 301 11 (3-16) 9 (3.0%) 0.94 (0.11)
250 26 201 11 (3-16) 5 (1.7%) 0.97 (0.11)
500 26 281 11 (3-15) 38 (13.5%) 0.92 (0.12)
1000 18 147 8 (3-13) 53 (36.1%) 0.90 (0.15)
1500 10 53 5 (1-10) 44 (83.0%) 0.79 (0.15)

o that =452 DEHPY 3ol 3k A (NTP study: TERS4064) 2 RE] L} 25 olt}. o] A
oMM dAZE ofu] F(dam)ol 54 £2 DEHPS &% &< Oppm, 250ppm, 500ppm 1000ppm,
1500ppm o2 F7HAZIAA] ofn] ol F7A|, 71e] 7A|, AFgo] FA, Heote] FA|, Bote] 713 o
52 37k 2 =M= DEHP] Z17] the &5 3ol W ofu] H7F 713 Hols F
3k St} o) E ZHAAL Aol tigk o fet ofn] HIF ZA A = Efote] Fw FA thE M
S ARESEAL @t} Table 4.12 & =% A8E A5 E 73] 2.9Fe Z1Qld, DEHP] §3
o] Z7Fgell wet ofu] H7h Zh= 713 Hlope] #7 AR Frkeks FAIE Eelthrt 1000ppm T}
1500ppme] Gl F43] S71¢e & + °1D} T3l glole] BA FEgs AAE adicirh
1500ppm?] &FollA FA3] Aty US4 5 Atk 01‘31 FA7F Z= Eloke] S (litter size)=
|F Tl S74l wet 2 FEghe] Aa
Figure 4.1 DEHP®] 8% %o we} ejote] 777} ofd °§F41° e
F o] 25wt Hote] FA 227t e E8FoR &
TE w2 Bge] 94K o A9 FHE 7HAA "Hrth ol AL "ot 713 o
A= vehdth. &, 718 gope] ujgo] 7 £F0
o] 1500ppm I 83% = FHHo=Z & FE
o] vt g Ao o] A= ﬂ‘ﬂH?J“ 54
oF ejote] FA ] gt ZA~E 3RS A B
& = o} (23 24| = —4.4, p-value = 0.032).
Sl the vy 223 RYE ARSSE ARyl H&3817]of A3 Ao

\=]
T
A&
=

4.2. HIO[X[2F 2

r;= 54 &4 DEHPY &% &5 UehiY 5709 Az b& #s 7Hedl(@ = 1,...,5), 49
#Hod &5 24317] 98 ppm Al F Akg ol £01F DEHP Y] H]&(%)& ARS-gtt} (0%, 0.025%,
0.05%, 0.1%, 0.15%). Yij = (Ym, Yij2)" & DEHPO] iWA]l &3 £ =238 jAR 7xoM 53
g 2 x 1 ¥z o]fo BkgieS Yehdt (i = 1,...,5, j = 1,...,n;). oo} Y& o]A5 3
Bje] el 713l Bobrt SM ol YeA oAF L%EMD% Y”zh Od#?‘f %FJM HEE A Eote]
FAE YeERAT 41904 AFsoiz & 9 171wl 4 (2.1)3%
(2.2)0l] AgHA AFEF S AT + St

wolA et 28 e A7) Sial Al 28 (8,8,0)00 thalel 77t TR 2ol FARA AAE
T i

%>
rlr
°>‘~
o "
o
Lo
oy
4
e
N
e *
ﬁ\i
]_j o
;O
N

)
o

Hl

B ~ MVN (0,1001y), 8 ~ MVN (0, 100130), o? ~IG(1,10),
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Dose=0ppm Dose=250ppm Dose=500ppm
—_— .- —_— —_—
< -
© - — [
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< o o -
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2 2 2
AR z z
© s “ G ~
a a a
~ 4
~
o 4 o o
T T T T T T T 1 T T T T T T 1 T T T T T T 1
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Fetal Weight (g) Fetal Weight (g) Fetal Weight (g)
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<
—_— ® —_—
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2 2
2~ o 2 <4
© ©
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o4 o
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Figure 4.1. Histograms of fetal weight at each dose level of diethylhexyl phthalate.
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Figure 4.2. Traceplots of parameters, 829, B21, 012, 022, 32, 042, 052, O 2 in the diethylhexyl phthalate data analysis.
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Table 4.2. Posterior means and 95% credible intervals for parameters in the diethylhexyl phthalate data analysis

Parameter Estimate 95% C.I.
B1o 0.362 (—0.620, 1.319)
Bi1 1.056 (0.090, 2.128)
Malformation 511 —4.205 (—8.067, —0.986)
model o1 —4.224 (—8.271, —1.110)
831 0.170 (—2.086, 2.763)
841 3.091 (—0.207, 7.345)
851 3.854 (0.189, 8.692)
B20 0.975 (0.655, 1.289)
Ba1 —1.092 (—2.294, —0.072)
512 —0.069 (—0.696, 0.548)
Weight model 822 —0.001 (—0.640, 0.624)
532 0.002 (—0.646, 0.645)
542 0.025 (—0.717, 0.751)
52 0.023 (—0.975, 1.114)
a? 0.927 (0.710, 1.211)
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Figure 4.3. DEHP data results: posterior predictive probabilities of having at least one malformed pups (means

and 95% credible intervals) at each dose level (left panel), and posterior predictive densities for fetal weight at each

dose level (right panel).
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3t Hwang¥} Pennell (2014)°A4] 9138 37} (risk assessment) ool 3§
HE 7158 F(benchmark dose) F40l| 2&3to] thE RPEF} 1 295
% A77h 8 4 9 Aotk
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