Appl. Math. Inf. Sci.13, No. 1, 1-10 (2019) %N =S¥\ 1

Applied Mathematics & Information Sciences
An International Journal

http://dx.doi.org/10.18576/amis/130101

Bayesian Model Averaging for Benchmark Dose Analysis
in Developmental Toxicology

Eman Khorsheed'* and Mehdi Razzaghi?

1 Department of Mathematics, University of Bahrain, Sakkingdom of Bahrain
2 Department of Mathematical and Digital Sciences, Bloonghiniversity,Bloomsburg, PA, USA

Received: 2 Sep. 2018, Revised: 23 Oct. 2018, Accepted: 22013
Published online: 1 Jan. 2019

Abstract: To reduce uncertainty due to model selection when a largebeumf potential candidate models is available, the use of
Bayesian Model Averaging (BMA) has emerged as an importait As known, the BMA methodology is a coherent approachesin
we can express the desired quantities as a weighted avefragedel specific quantities with the weights determined base how
much the data supports each model. In toxicological studiegide range of statistical models have been utilized feed®sponse
modeling and risk assessment with no particular model veaea universal acceptance. Here, we consider the apipiicat BMA

for benchmark dose estimation in developmental toxicifyegiments. In such experiments, as in all noncancer stutieshoice of
the model can play a crucial role in the final benchmark domates. A Bayesian approach along with the MCMC method éslus
to fit each individual model used as a component in model gimgaand to derive the posterior weights. A simulation stafiya
developmental toxicity experiment is used to illustrat tiethodology.
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1 Introduction limit (BMDL) of the BMD is used. P] show that "an
uncomfortably high percentage of instances can occur
The benchmark dose (BMD) approach to determine safavhere the true extra risk at the BMD lower confidence
exposure levels in toxicological studies has become thdimit (BMDL) under misspecified or incorrectly selected
standard and widely accepted method for risk assessmenfiodel can surpass the target BMR, exposing potential
Typically, animal bioassay experiments are conducted tglanger of traditional strategies for model selection when
assess the adverse effect of chemicals in doses that ag@lculating BMDs and BMDLs”. To account for the
much higher than the human exposure levels. Auncertainty due to the choice of the dose-response model,
dose-response model is fitted to the data to establish godel averaging has recently been introduced and
mathematical relationship between the response rate anétilized in a number of risk assessment problems. For
the dosage level. The model is then used for extrapolatiogXample, 8] and [4] have applied the model averaging
to estimate safe human exposure levels (BMDs) for atechniques for microbial risk assessmef}.gnd [6] used
small predetermined change in response that can bgodel averaging for estimating the benchmark dose in
considered toxicologically adverse for humans, called thecancer studies and found good results. In a later study, the
benchmark risk (BMR). Technical guidelines for same authors7] used a large amount of response data to
application of BMD approach is provided in a recent examine the performance of the model averaging
publication by the environmental protection agently [ procedure. Since observational data were available at the
A major problem in applying the BMD methodology low dose region, the authors were able to estimate the
is that many dose-response models may fit the data quiteenchmark dose and compare with the observed risk at
well in the experimenta| dose range, but when low doses. They found that the model averaging technique
extrapolated to the low levels, the BMD estimates canworks well and that quantitative risk estimates based on
often vary by an order of magnitude. To allow for more model averaging is a promising alternative to linear
conservative considerations, often the lower confidenceéxtrapolation based on a single model. Other authors also
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found that model averaging approach to calculating thecritical time of the gestation period. For example in

BMDs can result in improved risk estimatior8]] In experiments with mice, exposure is generally during days

model averaging, rather than using a single mathematicab to 12 of the gestation. Also, depending on the toxic

relationship as dose-response model, several potentidubstance, exposure could occur in a variety of formats. It

candidate models are considered and a weighted averag®uld be in the diet, through gavage, by inhalation or

of these models is utilized for extrapolation. An approachdermal. Animals are sacrificed just before term and the

to model averaging that has found widespread popularityfetuses are examined for developmental defects.nlet

is the Bayesian Model Averaging (BMA).The advantagebe the number of fetuses and; be the number of

of BMA is that the weights are determined in such a wayresponses i.e. fetuses with a defect e.g. malformation in

that they are proportional to the posterior probabilityttha the jt litter of the it" dose level forj = 1,...,m and

each model is correct given the observations. Thereforé =0,1,...,9. Then if we denote byy; the probability of

the weights show the extent of support in the data for eachesponse in th¢!" litter of theit" dose level, we have

model. There was also consideration of the properties of

the BMA technique in benchmark dose estimation and it

was shown that the derived estimates more accuratelP(X;; = xij|pij) = (Qii!')pix}j(l— pij)" T % =0,1,...,n

reflect uncertainty in the understanding of the effects of : (1)

exposure on the occurrence of adverse respoS$es [ Now, because of the litter effect, the probability of
Here, we consider the application of BMA in responsep;; varies from one litter to another. If we

quantitative risk assessment for developmental toxicityassume a beta distribution for the litter response
studies. In such studies, pregnant female animals argrobabilities,

exposed to a dose of a chemical during a critical time of

the gestation period. The animals are sacrificed just

before term and the uterine content is examined for aP(p;;) = B*l(ai,Bi)pﬂ"l(l— pij)ﬁi*l7 a; > 0,5 >0
variety of developmental and skeletal defects such as 2)
malformation and fetal weight. A crucial issue in whereB(ai, 3) is the beta function, then the marginal

modeling responses from such experiments is thejistribution of X;; is the familiar beta-binomial model
consideration of the litter effect. Since it is known that given by

responses from fetuses in the same litter behave more

similarly than fetuses from different litters, incorpacat

of this intra-litter correlation is considered to be vitalda Px() = i\ B(ai +Xij, Bi +nij —Xij)
highly important in dose-response modeling and risk ' Xij B(ai,Bi)
assessment. Several approaches have been introduced

using various techniques to analyze the data from The unconditional mean and variance Xf; are
developmental toxicity experiments. See for examplerespectively given by

[10], [11], [12, and references therein. Many of these

models consider multiple outcomes. However, in the E(Xij) = nijHi (4)
present paper in order to examine the effect of the BMA
technique in developmental toxicity, we only consider a2
single binary outcome such as the occurrence of 6
malformation in the fetus. A full Bayesian approach is V(Xij) = nijpi(1— pi) {1+ 1+—6(n” -1} (5
used to fit each dose response model and the MCMC !

method is utilized to determine the parameter estimates wherep = —%i_ and 6 = (a + ). Note that in

for each model. In the next section, we describe our,, . ai+p .

modeling approach and in section 3 our parametellh's case, thg mtrahtter correlation assumeq to be the
estimation method is described. The application of BMA same for all litters in tge same dose group is given by
technique in developmental toxicology is discussed inPi = COIT(Xiji,Xjir) = 17, whereX;; denotes the pup
section 4 and section 5 is devoted to the illustration of ourspecific response of th& pup in thejt" litter of the it

®3)

nd

methodology through simulation. dose group forl = 1,....njj, j = 1,...,m, and
i=1....0
The application of beta-binomial model for
2 Model Description developmental toxicity experiments was first suggested

by Williams [13] who used it to detect a treatment effect.
Suppose that a developmental toxicity experimentExpressing the model in terms of the beta distribution
consists of a control ang nonzero dose levels with mean function also makes it convenient to use a link
0=dy<ds <...<dg Assume tham (i =0,....0) function P(d) to relate the mean response to the dose
pregnant female dams are exposed to absecordingto  through a dose-response relationship.  Several
some predetermined dose regimen. In developmentadose-response models have been introduced and applied
toxicity experiments, exposure generally occurs during ato teratological data. For example, Hoel et H][used the
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one-hit model. 15] considered an extension of the one-hit 3 Parameter Estimation
model that incorporated the litter effect arid] proposed
the Weibull model. Since then, there has been a variety offo fit each dose-response model, a Bayesian approach is
dose-response models that have been proposed by varioaslopted and the MCMC method is applied for simulation
authors each with some specific properties and for aand to determine the parameter estimates. Dung6h [
review of these models, we refer th7] and [11]. It is to points out several advantages in using a Bayesian
be noted that the Beta-Binomial distribution is probably approach to joint modeling of clustered multiple
one of the earliest approaches for developmental toxicityoutcomes of different types. A general framework is
modeling and once again many other approaches havdeveloped using latent variables for discrete outcomes
been proposed. For examplEd] applied the Generalized and the exact posterior distributions of parameters and
Estimating Equation (GEE) approach whileld] latent variables are derived using MCMC methods. The
discussed the application of the quasi-likelihood method.approach is based on an earlier work 24][ Bayesian
Since in addition to structural malformation, in approach for joint modeling of clustered outcomes has
developmental toxicity studies, often other outcomes suchalso been discussed 24 and [26]. More recently,
as fetal weight, death and resorption status are als®@owman & George 27] developed a Bayesian
observed, several authors have developed approaches thaethodology for joint regression modeling of discrete and
consider multiple responses simultaneously. See forcontinuous outcomes. Their method is assuming Gaussian
example, 20] and [21]. But the goal in this paper is not so latent variables for binary and ordinal outcomes and
much to compare the approaches, but rather toGaussian distributions for continuous observations.
demonstrate the application of BMA technique in Shao & Small P8 describe a methodology for
reducing uncertainty in dose-response modeling forMCMC which they call a hybrid approach of
developmental toxicity experiments. For this reason, weMetropolis-within Gibbs-algorithm. In this approach, new
consider a single outcome models and we resort to thesamples are proposed via one parameter at a time, but
likelihood approach and apply the beta-binomial model.with a common distribution. The advantage of this
Now, the likelihood function is given by approach is that knowledge of the conditional parameter
distribution is not required. New samples are kept or
rejected in favor of the old one based on the ratio of
prior-likelihood product of the new sample as compared
to the old one. Their methodology was successfully
applied in model averaging to demonstrate the reduction
in the value of uncertainty in BMD estimation of

g m Xij—1, nij—Xij-1.,. carcinogenic substances when additional dose levels can
LO ﬂ{ﬂk’o (b +k9r'1_)__nlk:0 ( “'+k9')} be made available. Accordingly, K candidate models
i=1j=1 Melo (1+Kk8) are used in the model averaging procedure and if we

(6)  denote thek" model by B (d) = F(yik + yad") for
wherey; is replaced by the probability of resporBed;) k=1,...,K, then the joint posterior distribution of all
at dosed; with P(d) being a monotonic dose-response model parameters given the data is proportional to the
model. Once the model parameters are estimated, thproduct of the likelihood and the joint prior distributioh o
process of risk assessment and determination of BMD caall the parameters, that is
begin. Here, we use the additional risk, defined as the
excess risk over background due to exposure i.e.
m1(d) = P(d) — P(0), whereP(0) is the risk of an adverse P(V1, ¥2[X1,...,Xg) O P(y1,y2) *L
effect at the background level, as the measure of T
increased risk. Thus if* denotes the BMR, a low fixed Where h = . (Vits--5 ¥aK)
level of risk, then the BMD is the dose level Vo= (Yo1,..-,Vok) Xi = (Xi1,....Xim) fori=1,...g,
corresponding to the riskP(0) + m*. For practical P(¥i,)2) is the joint prior distribution of; andys, andL
purposes, the value oft* is generally chosen to be is given by (6). Following 28 we also assume that the
between 0.01 or 0.1. This methodology is widely utilized prior distributions of parameters of all the dose-response
to determine safe exposure levels, but unfortunately, thénodels used for model averaging i.@a,..., Y and
value of BMD can severely change depending on thel2s,- -, Yz are independent and noninformative and that
choice ofP(d) in (6). There are several candidate models,N0 parametric specification of the prior distribution is
but as pointed out in%7], "the misspecification of the risk  required. Once the parameter estimates are determined,
model can adversely affect the inference on the BMD andthe BMD for each modeP; (d) for a given level of riskrr*
the associated risk” This justifies the use of modelcan be derived from
averaging to reduce uncertainty in the choice of risk

models which we adopt here for developmental toxicity 1

experiments. But first, in the next section, we describe our {Fk*l(n*) —nip" K1 K (7

parameter estimation method for each model. BMDy = Vo T (7)
@© 2019 NSP
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Table 1: Parameter estimates for the five dose-response models hveithcorresponding standard deviations in parenthesdseat t
different BMR levels starting from 0.01.

Model Parameter, 0.01 0.025 0.05 0.075 0.1
Logistic yi1 -0.8244(0.14) | -0.8329(0.14) | -0.8163(0.14) | -0.8038(0.15) | -0.8287(0.15)
Vo1 3.5041(0.75) | 3.5068(0.77) | 3.4523(0.81) 3.41(0.79) 3.4257(0.85)
Probit Yi2 -0.1081(0.057)| -0.1444(0.09) | -0.1179(0.059)| -0.1573(0.069)| -0.1333(0.053)
Vo2 0.7447(0.38) 1.0667(0.5) 0.7766(0.38) 1.1(0.63) 0.7215(0.34)
Quantal Quadratic Y13 0.1946(0.026) | 0.1914(0.02) 0.204(0.026) | 0.1905(0.03) | 0.1962(0.027)
Vo3 15.675(2.42) | 17.659(3.39) | 17.33(3.33) 16.1(2.34) 16.49(2.55)
Weibull (h = 5) Via 0.2885(0.0337)| 0.2811(0.0333)| 0.2763(0.0347)] 0.278(0.0315)| 0.2786(0.0361)
Vou 323.84(69.57) | 334.05(72.71) | 318.56(67.67) | 337.07(62.32)| 322.51(71.28)
Weibull (h unfixed) Vis 0.1679(0.025) | 0.1675(0.027) | 0.1619(0.029) | 0.1638(0.026)| 0.1735(0.028)
Vo5 8.3453(3.41) | 8.0121(3.74) | 7.763(2.37) 7.734(2.48) 9.176(3.22)
h 1.5291(0.21) 1.491(0.24) 1.5092(0.18) | 1.4826(0.189)| 1.586(0.21)

Table 2: BMD estimates for the five dose-response models.

Model 0.01 0.025 0.05 0.075 0.1
Logistic 0.0141 0.0347 0.0695 0.1051 0.1410
Probit 0.0683 0.1186 0.2899 0.4420 0.7203
Quantal Quadratic 0.0282 0.0424 0.0608 0.0776 0.0894
Weibull (h=5) 0.1337 0.1598 0.1858 0.1995 0.2146
Weibull (h unfixed) 0.0366 0.0615 0.0995 0.1262 0.1751

Table 3: The 5% BMDL estimates for the five dose-response models.

Model 0.01 0.025 0.05 0.075 0.1
Logistic 0.0103 0.0245 0.0486 0.0709 0.0959
Probit 0.0234 0.0370 0.0858 0.1020 0.2070
Quantal Quadratic 0.0251 0.0408 0.0530 0.0698 0.0825
Weibull (h=5) 0.1246 0.1493 0.1734 0.1879 0.2031
Weibull (h unfixed) 0.0139 0.0272 0.0398 0.0786 0.1363

By applying the MCMC methodology, we can practice, but no single model has found universal
generate a large sequence of parameter estimates for eaabceptance for dose-response modeling in developmental
model and determine the BMD. Using a measure of thetoxicology. Noting this issue, Razzagld]] proposes the
center e.g. the average, we have a point estimate for BMuse of mixture models. The study argues that not only
and using the B percentile value, we have the such models are more flexible and thus provide better fit
corresponding BMDL. to the data, but they also account for any

non-homogeneity such as susceptibility in the population.

A mixture of two logistic models was applied with some
4 Bayesian Model Averagingin success. In thio respect, therefore, the BMA methodology
Develoomental Toxicolo whereby a vye|ghted average of several caodujate models

P Qy can be applied, appears to be very appealing in reducing

. ] . uncertainty due to modeling. The challenge, however, to
The choice of a suitable dose-response m&{d) in (6)  determine the weights and the attraction of the BMA
is a critical issue and benchmark dose estimates can Vaigchnique is that the weights are determined in such a way
depending on the choice of the model. As pointed out inghat models which have a better fit have higher weights
[29], it is possible to postulate different models that ang conversely, models with poorer fit have a lesser
provide equally significant statistical fit to the data in the contribution to the final average. For a discussion on the
experimental range, but when extrapolated to low dosesghpice of weights and the advantages of the BMA
give point estimates for the risk that can vary by severalapnroach, seep).
orders of magnitude. Using a data set from an ' |y the BMA methodology, we begin by assuming that

epidemiological study, Morales et aB(| show that in g theK models have a priori equal weights, that is
cancer studies, the risk estimate can severely vary

depending on the choice of the dose-response model. For 1
this reason, several functions have been applied iP(W) =1 k=1.2....K
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Table 4: BIC estimates associated with the five dose-response mimilelarying added risk values.

Model 0.01 0.025 0.05 0.075 0.1
Logistic 1510.558 1510.278 1511.438 1513.038 1510.828
Probit 1562.318 1556.178 1561.098 1555.858 1560.244
Quantal Quadratic 1464.017 1466.998 1470.758 1466.198 1466.444
Weibull (h=5) 1498.038 1497.798 1499.698 1497.598 1499.082
Weibull (h unfixed) 1463.478 1463.637 1463.877 1464.357 1463.877

Table 5: Weights associated with the BIC estimates of the five dospergse models for different added risk values determined by
using (10).

Model 0.01 0.025 0.05 0.075 0.1
Logistic 3.391x 10 11 6.278x 10 11 4555%x 10 11 1.921x 1011 4994x 10 11
Probit 1.953x 1022 6.773x 1021 7.4989x% 1022 9.665x 10~°1 9.288x 10~%2
Quantal Quadratic 0.4331 0.1571 0.0311 0.2848 0.2169
Weibull (h=5) 1.774x 1008 3.2190x 1098 1.614x 1008 4327x10° %8 1.775x 1098
Weibull (h unfixed) 0.5669 0.8430 0.9689 0.7152 0.7831

Table 6: BMA estimates for BMD and BMDL of the five dose-response medet different added risk values obtained by using BIC
weights.

BMR level BMA for BMD BMA for BMDL
0.01 0.03184 0.02025
0.025 0.05852 0.02934
0.05 0.09824 0.04020
0.075 0.11235 0.07608
0.1 0.15651 0.12463

Then, the final weights are determined by the posteriorexperiments, the sample size is the litter size. According
model probabilities, which by Bayes’ theorem are givento Wasserman 34], this approximation works well in
by moderate sample sizes when the covariates are
independent. Thus, the weights may be determined from

P(Wk|L) OK~P(LMK) k=12,....K (8)

whereP(L|Wk ) represents the marginal distribution of the exp(_%|3|c(v\4<))

likelihood given each model. Now, as explainedd fhe PWIL) = exp(—3BIC(W)) Kl KO
computation of the marginal distributions for calculation 2r=1&P(—3 '

of the posterior model probabilities in the implementation

of BMA, requires solving an integral that is difficult to This procedure has been successfully applied in
calculate except for very simple cases. Indeed, in mosteveral applications with dichotomous responses, see for
cases, especially data related to environmental an@xample B5] and [22]. However, B6] suggest replacing
epidemiological studies derivation of closed form BIC(W) by

solutions is not feasible and the use of the Bayesian

Information Criteria (BIC) to approximate the marginal _ i

distributions has successfully been adopted. Specifjcally Ak) = BIC(VW) — miny<r<BIC(V) (10)
Raftery B3] suggests the following approximation,

for calculating the weights. The advantage of this
method is that thé values are on a continuous scale of

1
P(Wk|L) O exp(—iBIC(Wk)) k=1,...,K information and are interpretable regardless of the
measurement scale and whether the data are continuous,
with discrete or categorical. We have found that this approach
BIC(Wk) — —2log(max_|Wk ) + adog(n) is more computationally stable specially whgiC(\W) is

relatively large. Using this approach on the data set
where ag is the number of parameters fiv, n is the  utilized in [5], the same set of weights results. For more
sample size and méaxis the maximum of the likelihood information on advantages of using thevalues, we also
function. Note that in developmental toxicity referto 37] and [39].
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Table 7: DIC estimates associated with the five dose-response mimdelarying added risk values.

Model 0.01 0.025 0.05 0.075 0.1
Logistic 1514.71 1515.44 1514.54 1516.12 1515.08
Probit 1569.21 1564.31 1566.53 1570.00 1563.63
Quantal Quadratic 1466.39 1472.94 1475.73 1471.51 1470.13
Weibull (h=5) 1501.33 1501.99 1504.24 1501.05 1504.68
Weibull (h unfixed) 1467.38 1466.54 1471.30 1466.45 1465.6

Table 8: Weights associated with the DIC estimates of the five dospergse models for different added risk values determined by

using (10).
Model 0.01 0.025 0.05 0.075 0.1
Logistic 1.999x 10 11 2.318x 10 11 3.639x 10 10 1517x 10 11 1.595x 10 11
Probit 2.926x 10723 5.649x 10~%2 1.871x 102 3.032x 1023 4.575x 10722
Quantal Quadratic 0.6213 0.0391 0.0974 0.0739 0.09183
Weibull (h=5) 1.608x 10 08 1.919x 10 8 6.292x 1098 2.853x 10 98 2.901x 10 9°
Weibull (h unfixed) 0.3787 0.9609 0.9026 0.9262 0.9082

Table 9: BMA estimates for BMD and BMDL of the five dose response moémislifferent added risk values obtained by using DIC

weights.
BMR level BMA for BMD BMA for BMDL
0.01 0.03138 0.02086
0.025 0.06078 0.02773
0.05 0.09568 0.04108
0.075 0.12261 0.07792
0.1 0.16723 0.13136
5 Simulation 3.Quantal Quadratic:

Ps(d) = 1 — exp(— (a3 + y2ad?))

1

In a study of the properties of BMDL using BMA,
Wheeler & Bailer p] conclude that model averaging
accounts for uncertainty in model selection and results in log(1— n*)—l_ V1312
BMDL estimates with near nominal coverage in many Vo3 }
situations. They suggest a list of 10 commonly-used )

dose-response functions all of which are in the US EPA 4.Weibull, shape parametir= 5:
Benchmark Dose Softwar&9). [9] also use 10 functions
many of which are similar to those utilized b§]] For the
purpose of the current study, we used = 5

BMD3 — [

Py(d) = 1— exp(—(yia+ yoad®))

dose-response models. Below is the list of these models log(1— 1)t — yia g
with their respective expressions for the BMD derived =~ BMDa4 = [ ” }
from (7). 4

o 5.Weibull, shape parameter unknown:
1.Logistic

Ps(d) = 1 —exp(—(yas+ yesd"))

1
log(1— )t — 51"
(11) BMDs = | Vo ]

Pi(d) = {14 exp[—(vi1+ yoad)]} *

_ 1 rexp(—yny)m
BMDl_mlog( L )

2.Probit

(13)

(14)

We simulate a developmental toxicity experiment

which mimics a study on the effect of exposure to
diethylhexyl phthaliate (DEHP) in mice. For detail of the

P>(d) = @(vi2+ y22d)
-1

study, we refer to40]. We consider an experiment with
dose levels 0, .044, .091, .191, and .292 g/kg of body
(12 weight. The litter sizes are generated using the empirical

Y22 distribution of the number of implants from the data set.
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- I I I I I I Fig. 22 MCMC trace plot of the BMD (upper panel) when the
Weibull model is used with (unfixed) and BMR level of 0.1. The
0 0 400 6000 800 1000 BMD posterior mean is 0.1751 with standard deviation of 8.03
‘ obtained after a burn-in period of 5000 iterations. The redirl
lteration the 29 plot represent the 5% lower confidence bound (BMDL),

which is approximately 0.1363 and is derived by sorting ts# |
1000 iterations of the BMD trace plot above and taking its 5th
Fig. 1: Trace plots of the Weibull model parameter estimates percentile.
with (h unfixed) obtained from the MCMC simulation at BMR
level of 0.1. The posterior mean estimates with the corneding
standard deviations obtained after a burn-in period of 5000
iterations arey;s = 0.174(0.027), y»5 = 9.176(3.22), andh =

1.58680.21). [16] analyzed this model and used the same data set to

demonstrate their methodology. Thus using the results of
their parameter estimates at each dose level, we estimate
the response probabilitiegj using a beta distribution.

In order to generate the number of responses per litter, w&he individual pup responses for thH& litter of the ith

use the beta-binomial model with the probability of dose level are then determined by generatingernoulli
response being the Weibull distribution. Chen & Kodell random variables with success probabilityapf. For each
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of the models Pi(d),...,Ps5(d) listed above, a full reason why selection of the most appropriate
Bayesian approach along with MCMC techniques basedlose-response model becomes of crucial importance. In
on implementation of the Metropolis-Hastings algorithm developmental toxicology, a variety of dose response
(See 1)) is used to estimate the parameters and themodels have been utilized to derive BMD’s for various
benchmark dose value. The BMDL is approximated viatoxicants with no single one being considered as the
the lower % percentile from BMD Monte Carlo chain. "best”. In this paper, we have proposed the application of
All simulations and computations are performed by usingBMA methodology to reduce the uncertainty in
the statistical software package R. dose-response modeling. The advantage, as demonstrated,
is that models that have a low posterior probability of
being correct given the data would have a lower weight.
6 Results The fact that the determined weights appear to have a
consistency across the varying risk levels is encouraging.
Table 1 gives the parameter estimates for the fiveln addition, the simulation results show that the procedure

dose-response models. Tables 2 and 3 respectively prese\’r\{f)rkS well in determining the associated weight for each

the estimated BMDs and BMDLs at different BMR model. It is, however, worth mentioning that the current

: tudy considers only a single outcome. Realistically, in
values ranging from .01 to .1. As expected, the BMDs and” 2 . . '
BMDLs increase in value as the BMR is enlarged. Thedevelopmental toxicity experiments multiple outcomes

BIC values and the respective model weights arere observed on each offspring. These outcomes could be

displayed in Tables 4 and 5. It is clear that, as stateaa combination of discrete and continuous variables. For

before, the value of BMD varies substantially based Ongxample, Catalano, Ryan, & Scharfste] consider

the selected model, justifying the use of model averagingJOInt modeling of the binary outcomes fetal death and

. ; = _“malformation while Regan & Cataland{] discuss joint
Interestingly, the weights appear to be rather Cons'Ste.nﬁodeling of clustered binary and continuous outcomes
and do not vary much as the risk level changes. It is

encouraging to see that the Weibull model with theW|th application in developmental toxicity studies. More

; . recently, Najita & Catalano 4f studied the BMD
estimated shapg parameter of approximately 1.5 ar]d thSetermination for multiple outcomes from developmental
guantal quadratic model account for 99% of the weights

) . - toxicity experiments. It would be interesting to see how
since the data are generated using the We'bu"the BMA methodology would perform in selecting the
dose-response model of Chen & Kodell§]. To ight model or a weighted sum of models when multiple
demonstrate the MCMC results, the developed trace pIot§ gt 'dg d P
for the three parameters of our model 5, the Weibyl OUtcOMes are considered.

model with unknown shape parameter, are displayed in
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