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Cullaghand Nelder (1989). Di�erent authors tried to analyze the salamander matingdata from di�erent 
onsiderations. The present work initially reviews the earlierworks, and then provides a generalized mixed model whi
h takes into a

ountdi�erent random e�e
ts. The data is then analyzed through the Bayesian appro-a
h. The di�erent random 
omponents are also estimated along with the matingprobabilities.Key Words: Generalized linear mixed model; Gibbs sampler; importan
e sam-pling; latent variable; penalized quasi-likelihood method; reje
tion sampling.1 Introdu
tionGeneralized linear mixed models (GLMM) are of 
onsiderable interest to-day be
ause of their tremendous appli
ation in biomedi
al, environmentaland other related �elds. Traditionally, in su
h models, under the assump-tion of normality of random 
omponents it be
omes extremely diÆ
ult towork with the full likelihood. This is be
ause when the out
omes are bi-nary (or 
ount) in nature, a full maximum likelihood analysis based ontheir joint marginal distribution requires numeri
al integration te
hniquesfor 
al
ulation of the loglikelihood, s
ore equations and information matrix.To date it has been proved intra
table for more 
ompli
ated problems in-volving irredu
ibly high-dimensional integrals. By way of illustration one
an 
onsider the famous salamander mating experiment (see M
Cullaghand Nelder (1989)) where the responses are binary and a mixed model15
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s, 15, 2001is 
onsidered where the asso
iated study design is 
rossed. The s
ienti�
question addressed in this study is whether geographi
ally isolated popu-lations of salamanders develop barriers to su

essful mating. A se
ondquestion may be to study the existen
e of heterogeneity among individualsin mating su

ess and if so whether it is greater for males or females.To avoid the numeri
al integration, one 
an 
onsider the Bayesianmethodology by taking repeated samples from the posterior distributionusing importan
e or Gibbs (Besag et al., 1991, Zeger and Karim, 1991)sampling te
hniques. Bayesian approa
h is wel
omed due to its 
exibilityfor full assessment of the un
ertainty in the estimated random e�e
ts andfun
tions of model parameters.The obje
tive in this paper is �rst of all to extend the models thathave earlier been 
onsidered by many authors in the 
ontext of salamandermating experiment and then to 
arry out the Gibbs sampling te
hniquefor obtaining repeated samples from the posterior distributions. In fa
t inSe
tion 2 we dis
uss initially the salamander data and then 
onsider variousmodels used by di�erent authors at subsequent stages. In Se
tion 3, wedes
ribe our Bayesian model and explain its advantages over others. Unlikethe other approa
hes we have developed the mating probabilities 
ellwise,i.e., 
orresponding to every 
ombination of the salamanders permitted bythe design. Finally in Se
tion 4, we go for intensive 
omputation and stateour results.2 Review of the literatureThe salamander mating experiment, 
ondu
ted in 1986 by S. Arnold andP. Verrell of the Department of E
ology and Evolution at the University ofChi
ago and reported by M
Cullagh and Nelder (1989), is one of the veryfew ex
ellent statisti
ally designed experiments in e
ology and environmen-tal studies available in the literature. In this experiment salamanders ofsame spe
ies but from two geographi
ally isolated areas (Rough Butt (RB)and Whiteside (WS)) were 
onsidered. Three experiments were 
ondu
ted,one in Summer of 1986 and two in Fall of 1986. From ea
h of the abovetwo areas 20 animals were used in the experiment, of whi
h 10 male and 10female salamanders, and also for ea
h of ten animals two groups of size 5were 
onsidered for mating. Thus in all there are 8 groups. Animals usedin the �rst Fall experiment were identi
al to those in Summer experiment.In fa
t, matings were performed in the laboratory a

ording to thedesign used by Arnold and Verrell. The details of the design are available inM
Cullagh and Nelder (1989). In this experiment, instead of the maximum16 possible between group 
rossings, only 8 between group 
rossings werepermitted. A

ording to the design ea
h female in a group is paired 6 times,3 from own population and 3 from others. This is true for ea
h male also.Total number of matings per (female) group is 6�5 = 30. Thus, altogetherthere are 120 matings in ea
h experiment. The 120 binary responses are
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rosses on ea
h of 20females and (ii) matings for di�erent females are 
orrelated if they sharethe same male.Some obvious question arise out of this experiment. Besides the twoquestions addressed in the introdu
tion there is one important one: How tomake valid inferen
es of the four mating probabilities (�RR;�RW ;�WR;�WW)spe
i�
 to a male salamander and a female in a parti
ular season? (�RW ,for example, is the mating probability between a Rough Butt female (RBF)and a Whiteside male (WSM)). Again these mating probabilities may bein
uen
ed by some other 
onditions like summer/fall et
.From the biologi
al view point the present salamander data and datafrom some subsequent experiments are dis
ussed in various papers mainlyby the biologi
al s
ientists. Quite naturally they 
on
entrated on di�erentbiologi
al aspe
ts of salamander matings in di�erent papers a

ording totheir interest. An interested reader 
an go through Tilley, Verrell andArnold (1990), Verrell (1991), Herring and Verrell (1996), Vinnedge andVerrell (1998).Eversin
e the wellknown salamander mating data has been published,quite a good number of statisti
ians looked at the analysis from di�erentangle. Some interesting analysis of su
h data has been 
arried out by M
-Cullagh and Nelder (1989), Karim and Zeger (1992), Breslow and Clayton(1993) and M
Cullo
h (1994).Let yijk be an indi
ator variable denoting the out
ome of the matingexperiment between i-th female and j-th male in the k-th set up, i =1; � � � ;m; j = 1; � � � ; n; k = 1; � � � ; r, and (i; j; k) 2 d, the design set.In this parti
ular experiment m = n = 20. Note that all the possible
ombinations of (i; j; k) are not permitted by the design. yijk takes thevalue 1 or 0 a

ording as a mating su

ess or failure. We assume that alle�e
ts are additive on the logit s
ale, i.e.,logit P hyijk = 1 ���bfi ; bmj i = xijk� + zikbfi + wjkbmj ; (2.1)where xijk, zik and wjk are asso
iated 
ovariates, and bfi , bmj are femaleand male random e�e
ts respe
tively.Model A : (M
Cullagh and Nelder (1989)).Here r = 1, i.e., analysis is done separately for ea
h experiment. It isassumed that1. �RR; � � � ; �WW are same for ea
h experiment.2. bfi has mean 0 and varian
e �f2 for ea
h i and independent of bmjwhi
h has mean 0 and varian
e �m2 for ea
h j.
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Cullagh and Nelder (1989) analyzed the Summer '86 data. Here y =(� � � ; yij; � � �)0 is a 120� 1 ve
tor. Note thatE(yij) = �RR if i 2 RBF; j 2 RBM;= �RW if i 2 RBF; j 2WSM;= �WR if i 2WSF; j 2 RBM;= �WW if i 2WBF; j 2WBM;with observed frequen
ies 22, 20, 7 and 21. They obtained the approxima-ted 
ovarian
e matrix asDisp (y) = V0(�) + �f2V1(�) + �m2V2(�);where V0(�) = diag (�RR(1� �RR)I30; � � � ; �WW (1� �WW )I30) :A quasi-likelihood approa
h is applied to y and estimates of (�RR; �RW ,�WR, �WW ) are obtained.Model B : (Karim and Zeger (1992)).Karim and Zeger (1992) 
onsidered the 
ase r = 2, repli
ation of thesame experiment in Summer and Fall is 
onsidered. Herexijk = (1; xi::; x:j:; xij:; x::k);where xi:: = indi
ator of a female salamander whi
h takesvalue 0 or 1 a

ording as RBF or WSF;x:j: = indi
ator of a male salamander whi
h takesvalue 0 or 1 a

ording as RBM or WSM;xij: = indi
ator whi
h takes value 0 or 1 a

ordingas WSF and WSM or not;x::k = 0 or 1 a

ording as Summer or Fall:Suppose both zik and wjk 
ontain x::k as a 
omponent letting zik = (1; x::k)and wjk = (1; x::k). It is assumed thatbfi � N2 �0;�f� 8 i; independent ofbmj � N2 (0;�m) 8 j:



Biswas and Das: Salamander mating experiment { a Bayesian data analysis 19Note that, in Summer, bf1i � N(0; �f11), and in Fall, bf1i + bf2i � N(0; �f11 +�f22+2�f12 = �f20 ). This is true for bmj also. Here �RR; � � � ; �WW are di�erentfor two seasons. For example,�fallWR = Z e�0+�1+�4+�bf1i+bf2i�+(bm1j+bm2j)1 + e�0+�1+�4+�bf1i+bf2i�+(bm1j+bm2j) dF �bf� dF (bm)�= e(�0+�1+�4)a(�2)1 + e(�0+�1+�4)a(�2) ;where a(�2) is a suitably 
hosen fun
tion of �2 = �f20 + �m20 (see Zeger,Liang and Albert (1988)). In fa
t Karim and Zeger (1992) obtained a(�2) =[f(16p3)=(15�)g2�2 + 1℄�1=2.Karim and Zeger (1992) 
arried out Bayesian analysis with a nonin-formative prior on the dispersion matrix to estimate the underlying para-meters. DiÆ
ulty arises as posterior distribution of bf (or bm) is not in a
losed form. Sample from approximate distribution was obtained by reje
-tion sampling (see Ripley (1987)).Model C : (Breslow and Clayton (1993)).Here all the 3 experiments are 
onsidered in (2.1). Here it is assumedthat bf � N60 �0;��f� ;bm � N60 (0;��m) ;where ��f = 0B��f11I20 �f12I20 0�f21I20 �f22I20 00 0 �f22I201CA��m = 0��m11I20 �m12I20 0�m21I20 �m22I20 00 0 �m22I201A :Analysis is done as in M
Cullagh and Nelder (1989) using quasi-likelihoodbased on approximate mean of y and Disp (y) or by penalized quasi-likelihood (PQL) method (see Breslow and Clayton (1993) for details).Model D : (M
Cullo
h (1994)).M
Cullo
h (1994) 
onsidered a slightly di�erent model and obtainedthe maximum likelihood estimates of the underlying parameters using EM
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s, 15, 2001algorithm (see Dempster et al. (1977)) separately for ea
h of the threeexperiments. Here Gibbs sampler is used to obtain ML estimates ratherthan using a Bayesian framework. In the present paper we try to analyzethe salamander data using a model similar to M
Cullo
h (1994), but in aBayesian framework and 
onsidering the three experiments simultaneously(alongwith the dependen
e of two experiments as the same animals wereused in these Summer and �rst Fall experiments).M
Cullagh and Nelder (1989) 
onsidered a single experiment and a sim-ple model in a frequentist's view point where besides the population of the
orresponding famale and male no other fa
tor is 
onsidered to estimatethe mating probabilities. Karim and Zeger (1992) 
onsidered two experi-ments in a more general model in a Bayesian framework where bfi (and bmj )are two 
omponent ve
tors and the mating probabilities are fun
tion of theseason. Breslow and Clayton (1993), although they have 
onsidered all thethree experiments, followed the approa
h of M
Cullagh and Nelder (1989).M
Cullo
h (1994) used the model we use in this paper, but he followed thefrequentist's approa
h and eventually estimated the mating probabilitiesignoring the other e�e
ts.3 Proposed Bayesian model and its analysisLet us think of modeling the data asP �yijk = 1 ���bfi ; bmj � = �0�xijk� + zikbfi + wjkbmj� 1A ; (3.1)where �(�) is the distribution fun
tion of a standard normal distribution.Con
eptually (3.1) indi
ates a suitable 
hoi
e of the 
onditional proba-bility that takes 
are of e�e
ts due to i-th female (salamander), j-th maleand other 
ovariates. Our approa
h is general in the sense, we 
onsider amodel whi
h in
orporates all the information available from the experimentand �nally estimate the mating probabilities taking into a

ount the e�e
tsof season, experiment number, parti
ular female and male salamanders.Biologi
ally (3.1) means that for a given pair (i; j), if matings areattempted several times in the laboratory, it's not that matings be
omealways su

essful or always failure. The su

essful 
han
e of mating de-pends on the 
ourtship behavior (urge for mating), understanding (unob-served or latent 
hara
ter) between them.Mathemati
ally, this does mean, 
onditionally given b = (bf 01 ; � � � ; bf 020,bm01 , � � � ; bm020 ), yijk = 1 if and only if y�ijk > 0;= 0 if and only if y�ijk � 0;
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t toy�ijk = xijk� + zikbfi + wjkbmj + �ijk; (3.2)su
h that �ijk � N(0; �2) 8 i; j; k;bfi � Nq �0;Df� 8 i;bmj � Nq (0;Dm) 8 j;independently of ea
h other. Thus 
onditionally given b, for ea
h i; j; k,y�ijk � N �xijk� + zikbfi + wjkbmj ; �2� ;independently of ea
h other where zik and wjk are q dimensional row ve
-tors.In fa
t (3.1) represents a random e�e
t model. Su
h random e�e
t mo-dels have been widely used to a

ount for the dependen
e within 
lusters(e.g., Laird and Ware, 1982; Lindstorm and Bates, 1988; Zeger and Karim,1991). The model (3.1) 
an be viewed as an extension of the binary regres-sion model with latent variables 
onsidered by Albert and Chib (1993) byin
orporating random e�e
ts to model dependen
y between observations.We assume the following spe
i�
 prior: � has a uniform prior over Rp;��2��1 is Gamma(0.001,0.001). The 
onjugate prior for Df�1 �Dm�1� isthe Wishart with �f [�m℄ degrees of freedom and s
ale matrix (�fRf )�1h(�mRm)�1i. It is known that (see, e.g., Carlin and Louis, 1996, p. 168)a good default spe
i�
ation is one for whi
h �f [�m℄ is taken as small aspossible and Rf (Rm) is taken to be a prior guess at Df [Dm℄. Let ustake �f = �m = 2 and Rf = Rm = Iq, whi
h is a plausible 
hoi
e in theabsen
e of prior information about Df and Dm (see Gilks et al., 1996, p.411; M
Cullo
h and Rossi, 1994). Note that in the absen
e of subje
tiveprior information, the 
hoi
e of uniform prior on �, independent of Df ,Dm and �2, leads to a proper 
onditional posterior distribution of � (seeNatarajan and Kass, 2000). Note that in the present 
ontext q is 6.Our obje
tive is to 
arry out posterior analysis and then to estimatethe marginal mating probabilities for the three experiments separately.Now the 
onditional joint density of (y�ijk; yijk) is� �y�ijk; yijk ���b; �; �2;Df ;Dm�= � �y�ijk ���yijk = 0; b; �; �2;Df ;Dm�P �yijk = 0 ���b; �; �2;Df ;Dm�
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s, 15, 2001or =� �y�ijk ���yijk=1; b; �; �2;Df ;Dm�P�yijk=1 ���b; �; �2;Df ;Dm� (3.3)Thus we 
an write the 
onditional joint density as� �y�; y ���b; �; �2;Df ;Dm�= 
Yi Yj Yk h1�yijk = 1 ���bfi ; bmj � 1 �y�ijk > 0 ���bfi ; bmj �+1�yijk = 0 ���bfi ; bmj � 1�y�ijk � 0 ���bfi ; bmj �i�� �y�ijk ���xijk� + zikbfi + wjkbmj ; �2� ; (3.4)where 1(�) is an indi
ator variable, 
 being a generi
 
onstant. �(�) is thedensity fun
tion of some normal random variable (or ve
tor) with someparameters spe
i�ed within the parenthesis.The joint 
onditional density of b(= (bf 0 ; bm0 )0); bf 0 = (bf1 ; � � � ; bf20),bm0 = (bm1 ; � � � ; bm20), is� �b ����2; Df ;Dm� = � �bf ����2;Df ;Dm�� �bm ����2;Df ;Dm�= 20Yi=1 � �bfi ����2;Df ;Dm� 20Yj=1� �bmj ����2;Df ;Dm�with � �bfi ����2;Df ;Dm� = ��bfi ���0;Df � ;� �bmj ����2;Df ;Dm� = ��bmj j0;Dm� : (3.5)To use the powerful Gibbs sampler te
hnique we need to �nd the 
onditi-onal posterior densities. From (3.4),h� ���b; �2;Df ;Dm; y�; y i = Np b��; (X 0X)�1�2 ! ; (3.6)with b�� = (X 0X)�1X 0  y� �Xd Zbfi �Xd Wbmj ! ;
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h thatX = 0BBBBBB� ...xij1xij2xij3...
1CCCCCCA ;with xijk is a 1� 5 ve
tor, y� is a 360� 1 ve
tor asy� = 0BBBBBBB� ...y�ij1y�ij2y�ij3...
1CCCCCCCA ;where only those 
ombinations (120 in total) of (i; j) are 
onsidered whi
hare allowed by the design of Arnold and Verrell. Z (and similarly W ) is360 � 6 matrix with a typi
al 3� 6 
omponentzi = 0� z0i1z0i2z0i31A ;with zi1=(1; x::1; 0; 0; 0; 0)0 ; zi2=(0; 0; 1; x::2; 0; 0)0 and zi3=(0; 0; 0; 0; 1; x::3)0 .Againh�2 ���b; �;Df ;Dm; y�; y i = 
��2�� 360+2:0022 e� 12 (0:001+a)=�2 ; (3.7)whi
h is inverse gamma, wherea =  y� �Xd Zbfi �Xd Wbmj �X�!0  y� �Xd Zbfi �Xd Wbmj �X�! :For i = 1; � � � ; 20, we havehbfi ���bm; bfl ; l 6= i; �; �2;Df ;Dm; y�; y i= Nq 0��z0i:zi: + �2Df�1��1 z0i:0�y�i: � xi:� �Xdi: wi:bmj 1A ;�z0i:zi: + �2Df�1��1� ; (3.8)
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s, 15, 2001where yi: is a 18 � 1 ve
tor and xi: is a 18 � 5 matrix, zi: and wi: are18�6 matri
es ea
h 
omprising of 6 blo
ks of typi
al three-row 
omponent,and the 6 blo
ks 
orresponds to the 6 male salamanders designed to matewith the i-th female salamander. This is represented by the index setdi: = fi1; i2; � � � ; i6g, where the i1-th, i2-th, � � �, i6-th males are mated withthe i-th female. Similarly, for j = 1; � � � ; 20, we havehbmj ���bf ; bmh ; h 6= j; �; �2;Df ;Dm; y�; y i= Nq0��w0:jw:j + �2Dm�1��1w0:j 0�y�:j � x:j� �Xd:j w:jbmj 1A ;�z0:jz:j + �2Df�1��1� : (3.9)Further hDf ���bf ; bm; �; �2;Dm; y�; y i= 
 ���Bf ���20=2 ���Df ���� 20+q+1+�f2 e� 12 tr Df�1(�fRf+Bf); (3.10)with Bf =P20i=1 bfi bf 0i , whi
h is an inverted Wishart. Similarly,hDm ���bf ; bm; �; �2;Df ; y�; y i= 
 jBmj20=2 jDmj� 20+q+1+�m2 e� 12 tr Dm�1 (�mRm+Bm); (3.11)with Bm =P20i=1 bmi bm0i . Finally,hy�ijk ���bf ; bm; �; �2;Df ;Dm; y i= ��y�ijk ���xijk�+zikbfi +wjkbmj ; �2�1� ��xijk�+zikbfi +wjkbmj�2 � �1 �y�ijk �0� if yijk=0;= ��y�ijk ���xijk�+zikbfi +wjkbmj ; �2���xijk�+zikbfi +wjkbmj�2 � �1 �y�ijk>0� if yijk=1: (3.12)To implement Gibbs sampler (see Geman and Geman, 1984, Gelfandet al., 1990), we 
onsider initial guesses (�0; �20 ;Df0 ;Dm0) (may be MLE)and simulate from the 
onditional distributions (3.6)-(3.12). Thus after alarge number (t) of iterations we obtain a sample from [�t; �2t ;Dft ;Dmt jy℄and hen
e �(t) is same as that of drawing a sample from [�jy℄.
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al 
omputationsIn this se
tion we present the detailed 
omputational results. To implementthe Gibbs sampler te
hnique we have taken a 1000 updates burn in followedby 5000 �nal samples of the experiment. Standard approa
hes 
an be
onsidered for assessing 
onvergen
e of the Gibbs sampler (e.q., Cowles andCarlin, 1994; Gelman and Rubin, 1992). In fa
t, in the present paper the
onvergen
e of Gibbs sampler is ensured by the basi
 approa
h of Gelmanand Rubin (1992). Starting from some initial values of the parameters wegenerate 4 
hains of values, ea
h 
hain being generated starting from anover-dispersed distribution and with a sample size of 6000. We delete 1000repli
ations as "burning"samples to minimize the e�e
t of initial values andretain the values of the next 5000 repli
ations to approximate the posteriordistributions. To monitor the 
onvergen
e we fo
us our attention to the
omponents of � and �2. Following Gelman and Rubin (1992) we 
omputethe between and within 
hain mean squares of the retained values, say Band W respe
tively, for ea
h of the parameters. Then we �nds2 = (5000 � 1)W=5000; � = s2 + (4� 5000)�1B;and �nally the potential s
ale redu
tion fa
tor r = �=W . The potentials
ale redu
tion fa
tors are nearly 1, and this suggests that the desired 
on-vergen
e is a
hieved in the Gibbs sampler.Now we observe the following.1. Posterior means of the 
omponents of �: (1.1143, -3.1629, -1.2846,4.3936, -0.1920).2. Posterior varian
es of the 
omponents of �: (0.3802, 0.1956, 0.5630,1.2002, 0.1863).3. Posterior mean of �2: 2.0051.4. Posterior varian
e of �2: 0.2443.The posterior means (and varian
es) of the 
omponents of bfi ; i =1; � � � ; 20, bmj ; j = 1; � � � ; 20, Df , Dm, and the estimated mating probabi-lities in all the three experiments for all the experimented pairs a

ordingto the design of the experiment is provided in Tables 1-4 and Figures 1-3.In Tables 1-4, the two 
omponents in ea
h 
ell 
orrespond to the posteriormean and varian
e respe
tively.
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s, 15, 2001Table 1Posterior means (and varian
es) of the 
omponents ofbfi ; i = 1; � � � ; 20.bf1 0.1149 0.0082 0.0533 0.0645 -0.0046 0.12310.2329 0.0562 0.0506 0.0444 0.0342 0.0367bf2 0.1931 -0.0013 -0.1784 0.0626 -0.0074 -0.12440.2462 0.0950 0.0642 0.0636 0.0437 0.0518bf3 0.1956 -0.0038 0.0477 0.0409 0.0221 -0.09210.3433 0.0844 0.0615 0.0522 0.0311 0.0403bf4 0.2092 0.0444 0.0625 0.0686 -0.0002 0.13420.3505 0.0830 0.0556 0.0424 0.0512 0.0400bf5 0.1734 -0.0156 -0.2012 0.0932 -0.0161 -0.07130.3414 0.0967 0.0734 0.0586 0.0342 0.0530bf6 0.3001 0.0109 -0.0948 0.1066 -0.0204 0.04770.2124 0.0844 0.0533 0.0441 0.0271 0.0463bf7 -0.1740 0.0019 -0.0963 -0.0611 -0.0070 0.05280.1812 0.0470 0.0503 0.0429 0.0358 0.0388bf8 -0.2850 0.0272 0.1835 -0.0902 -0.0418 0.21640.3126 0.0777 0.0645 0.0520 0.0419 0.0659bf9 -0.2154 -0.0262 -0.1339 -0.0919 0.0048 0.04680.2118 0.0511 0.0670 0.0360 0.0323 0.0352bf10 -0.2475 -0.0687 -0.0960 -0.0795 0.0194 -0.18230.2842 0.1021 0.0622 0.0516 0.0358 0.0620bf11 -0.0384 -0.0319 -0.0218 -0.0318 -0.0095 -0.05100.2422 0.0566 0.0675 0.0421 0.0244 0.0553bf12 -0.0471 -0.0092 -0.0351 -0.0170 0.0157 -0.04830.2389 0.0704 0.0531 0.0520 0.0401 0.0603bf13 -0.0852 0.0960 0.3200 -0.0308 -0.0152 0.24200.3422 0.1880 0.1000 0.0740 0.0631 0.0736bf14 -0.1328 0.0668 0.3114 -0.0642 -0.0018 0.23180.2130 0.1261 0.0857 0.0693 0.0486 0.0658bf15 0.0162 -0.0114 -0.0015 -0.0126 0.0061 -0.04900.1820 0.0582 0.0710 0.0403 0.0318 0.0803bf16 -0.4237 -0.0738 -0.2005 -0.2015 -0.0160 -0.09400.4414 0.1143 0.0814 0.0967 0.0509 0.0355bf17 0.0787 -0.0346 0.1086 0.0423 0.0139 0.15610.2820 0.0554 0.0621 0.0500 0.0471 0.0693bf18 0.1563 -0.0489 -0.2314 0.0700 0.0275 -0.32050.4328 0.1258 0.0863 0.0530 0.0554 0.0733bf19 0.1902 0.0555 0.1011 0.0983 0.0442 0.13430.4733 0.0710 0.0926 0.0594 0.0352 0.0444bf20 0.1312 0.0029 -0.2128 0.0341 0.0126 -0.10460.1745 0.0844 0.0521 0.0352 0.0276 0.0476



Biswas and Das: Salamander mating experiment { a Bayesian data analysis 27Table 2Posterior means (and varian
es) of the 
omponents ofbmj ; j = 1; � � � ; 20.bm1 0.0186 0.0046 0.0632 0.0010 0.0075 0.05600.0186 0.0272 0.0201 0.0240 0.0229 0.0198bm2 0.0383 -0.0006 0.0340 0.0476 0.0123 -0.00540.0350 0.0240 0.0374 0.0286 0.0276 0.0283bm3 0.0179 0.0276 0.0885 0.0200 0.0082 0.05010.0435 0.0222 0.0295 0.0283 0.0311 0.0270bm4 0.0304 -0.0002 -0.0257 0.0090 -0.0028 -0.02630.0424 0.0258 0.0251 0.0260 0.0242 0.0220bm5 0.0234 -0.0116 0.0545 0.0289 0.0114 0.02840.0485 0.0255 0.0334 0.0197 0.0220 0.0226bm6 -0.0952 0.0255 -0.0513 -0.0831 -0.0008 0.03070.0492 0.0271 0.0431 0.0254 0.0217 0.0240bm7 0.0044 0.0288 -0.0443 0.0046 0.0235 0.05840.0301 0.0211 0.0392 0.0196 0.0173 0.0285bm8 -0.0562 0.0067 -0.1086 -0.0454 0.0083 -0.01940.0384 0.0184 0.0392 0.0224 0.0214 0.0200bm9 0.0355 -0.0176 -0.1055 0.0050 0.0028 -0.06890.0555 0.0244 0.0318 0.0277 0.0217 0.0262bm10 -0.0859 0.0026 -0.0738 -0.0834 -0.0284 -0.06050.0356 0.0286 0.0382 0.0273 0.0311 0.0209bm11 -0.0294 0.0235 -0.1268 -0.0228 0.0003 -0.08360.0587 0.0360 0.0372 0.0304 0.0246 0.0303bm12 -0.0116 -0.0008 -0.1256 -0.0219 -0.0038 0.00810.0425 0.0245 0.0411 0.0233 0.0164 0.0281bm13 -0.0335 0.0132 -0.0277 -0.0295 0.0130 0.09720.0506 0.0318 0.0396 0.0265 0.0211 0.0268bm14 -0.0518 0.0178 -0.0723 -0.0316 0.0034 -0.04510.0289 0.0245 0.0358 0.0339 0.0322 0.0261bm15 -0.0444 -0.0084 -0.0755 -0.0565 -0.0100 -0.02330.0322 0.0200 0.0397 0.0227 0.0225 0.0254bm16 0.0633 0.0118 0.0551 0.0078 0.0007 0.05570.0363 0.0281 0.0379 0.0245 0.0257 0.0313bm17 0.0619 -0.0157 -0.0365 0.0143 0.0223 0.00160.0274 0.0243 0.0276 0.0236 0.0289 0.0247bm18 0.0245 0.0280 -0.0050 0.0353 0.0128 -0.01330.0335 0.0218 0.0317 0.0187 0.0218 0.0255bm19 0.0227 0.0266 0.1566 0.0050 -0.0125 0.12530.0426 0.0332 0.0475 0.0242 0.0205 0.0314bm20 0.0241 0.0243 0.0388 0.0155 0.0127 0.05020.0325 0.0231 0.0251 0.0222 0.0246 0.0192
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s, 15, 2001Table 3Posterior means (and varian
es) of the 
omponents ofDf .0.08140.00890.0044 0.04160.0013 0.0015-0.0006 0.0055 0.03360.0012 0.0005 0.0005-0.0008 0.0012 -0.0006 0.02290.0003 0.0002 0.0001 0.00030.0016 -0.0003 -0.0002 -0.0005 0.02400.0006 0.0001 0.0002 0.0001 0.00020.0003 0.0017 -0.0008 0.0004 -0.0013 0.01810.0003 0.0002 0.0001 0.0001 0.0001 0.0002Table 4Posterior means (and varian
es) of the 
omponents ofDm.0.04760.00220.0001 0.03330.0007 0.0004-0.0007 0.0006 0.03580.0005 0.0003 0.0007-0.0034 -0.0008 -0.0006 0.02850.0004 0.0003 0.0003 0.0003-0.0033 0.0024 0.0008 0.0032 0.03100.0008 0.0005 0.0002 0.0005 0.00120.0013 0.0014 -0.0020 -0.0013 -0.0006 0.02430.0001 0.0002 0.0004 0.0001 0.0001 0.0002From the 
omputation we see that the e�e
t of the salamanders (fe-males and males) 
onsiderably vary among themselves. Thus to draw anymeaningful inferen
e one has to pay attention to the individual female- andmale-e�e
ts. Again Figures 1-3 show that the mating probabilities are dif-ferent for di�erent pairs even if the females and/or males are taken from aspe
i�ed population (RBF or WSF), and thus it would be unreasonable to
onsider only four mating probabilities as in Models A, C and D. AlthoughModel B 
onsiders e�e
ts of di�erent experiments among the mating pro-babilities, in pra
ti
e there are individual female- and male-e�e
ts whi
h
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ount. These female- and male-e�e
ts are providedin Tables 1 and 2. From those tables we see that the individual e�e
ts vary
onsiderably among themselves.
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Figure 1: Estimated mating probabilities for Summer 1986 experiment 
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Figure 2: Estimated mating probabilities for Fall 1986 first experiment 
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Figure 3: Estimated mating probabilities for Fall 1986 second experiment A
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