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1 Time to Second Birth.

We obtain the following result shown in Figure 1 by running OpenBUGS code. The Open-
BUGS code is attached in Appendix A.

—10| x|

mean sl MC_error val2.5pc median  valS7.5pc start sample ﬂ
b 10050 2R27 2008 3REN 101140 105510 1001 100400
b1 -1.182 1 086 008641 -3161 -1.276 1006 10101 10000
bz 1712 2344 02182 2174 -171.3 -1251 1001 100400
timeemma 7296 4305 4 604 -34 61 7333 165310 10101 10000

timehelga 93734 4248 4075 1337 876.6 173340 1001 10000 ;I

(a)

Figure 1: OpenBUGS result for problem 1

The mean of [ is -171.2 and its 95% credible set is [-217.0, -125.1|. Variable death is
significant since the 95% credible set of 5, does not contain 0.

The mean of 1 is -1.192 and its 95% credible set is [-3.161, 1.006]. Variable mage is not
significant in influencing the response time since the 95% credible set of 3, contains 0.

The predicted time between the births of Helga is 978.6 days.

The 95% credible set for the predicted time between births of Emma is [-34.61, 1659.0].

Tasmanian Clouds.

We first study the ANOVA analysis with main effects only. Without the interaction
term, we can analyze the significance of the variables 'seeded” and ’season’, though the
results may not be reliable due to interaction between the two factors. The 95% credible
set for the difference in rainfall between being unseeded and seeded is [—0.32, 0.04] with
a mean —0.14. This is borderline, but since the credible set includes 0, we reject the
hypothesis that seeding the clouds increases rainfall. Just for clarification, here we are
subtracting seeded from unseeded (unseeded - seeded), so an increase in rainfall due to
being seeded corresponds to a negative difference. The results are shown in Figure 2.

We conclude: (1) From Spring to Winter (1,4), we see a significant decrease in the
amount of rainfall in the target areas. The 95% credible set is [0.26,0.75] and does
not contain 0. (2) From Summer to Winter (2,4), we see a significant decrease in the
amount of rainfall in the target areas. The 95% credible set is [0.26,0.79] and does not
contain 0. (3) From Fall to Winter (3,4), we see a significant decrease in the amount



ISyE 6420

Solution Final December 15, 2019
1ol x|
mean sd MC_error val2.5pc  median  val97.5pc start sample ﬂ
alphall] D.06868 0.04678 1.408E-4 -0.02326 O0.0686 01606 1001 100000
alphalZ] -0.06868 0.04678 1.408E-4 -01606 -0.0686 002328 1001 100000
heta[1] 015749 0.0Y651 1.625E-4 0008656 014749 0.3088 1001 100000
hetalZ] 01776 0.08406 3H3ZE-4 001295 01771 0.3447 1001 100000
heta[3] n.0128 n.0s84 3.817E-4 -0.143 001292 01776 1001 100000
hetal4] -0.2483  0.07995  3512E-4 -0.48054  -0.3481  -01913 1001 100000
call,2] 01374 0.09356 2.816E-4 -0.04653 01372 03212 1001 100000
chit,2] -0.01871 01306 4526E-4 -02766 -0.01936 02374 1001 100000
chi1,3] 01451 0.1204 437TE-4 -011068 014445 04028 1001 100000
chil, 4] 05062 0.1254 J.992E-4 0.2613 0.5062 07529 1001 100000
chiz2,3] 01648 0.1396 B6.Y8TE-4 -01076 01641 0.4404 1001 100000
chiz 4] 05259 0.1346 B.352E-4 0.2624 0.525 07916 1001 100000
chia 4] 0.3611 0.1346 6.171E-4 0.0596 0.3613 06259 1001 100000 Ll

Figure 2: OpenBUGS result for 2(a)

of rainfall in the target areas. The 95% credible set is [0.10, 0.63] and does not contain
0. So we accept the hypothesis that the seasons affect the difference in rainfall between
the target areas and the control areas, in the three ways listed above.

Similarly, we study the ANOVA analysis with main effects and two interactions. Un-
like the previous study, here we are looking at just the coefficient, not a difference of
coefficients. The first number in each pair refers to ’seeded” and the second number
to 'season’. We can see that we should not reject the null hypothesis, because al-
pha.beta|l,3] and alpha.beta|2,3] do not overlap. The credible sets are alpha.beta[l, 3] :
[0.00047,0.33], alpha.beta[2, 3] : [—0.33, —0.00047], and we see that the two credible sets
do not overlap. Furthermore, both of these coefficients reflect the difference in rain-
fall during the Autumn. This means that seeding clouds in the Autumn produces
significantly higher rainfall than not seeding clouds in the Autumn. The results are
shown in Figure 3.

Miller Lumber Company Customer Survey.

We propose a Poisson model with hunits, aveinc, aveage, distcomp, and diststore
as covariates and customers as response. The OpenBUGS code is shown in Appendix
C. Result for the coefficients of the proposed Poisson model is shown in Figure 4.

We use Laud-Ibrahim critierion to decide on the best two covariates. We obtain the
following results shown in Figure 5. As we prefer one model that with lower Laud-
Ibrahim value compared with that with higher Laud-Ibrahim value, we prefer the model
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alpha(l]
alphal2]

heta[1]
heta[2]
heta[3]
heta[4]
cafl,?]
chil,2]
chi1,3]
chi1,4]
chi2,3]
chi2 4]
chl3,4]

mean s
007179 0.04631
-0.07179 0.04631

alpha beta[1,1]-0.07157 0.07532
alpha beta[1,2]-0.1513 0.08294
alpha beta[1,3] 01636 0.08288
alpha.beta[1,4] 0.05922 0.07543
alpha beta[2,1] 0.0T157 0.07532
alpha beta[2,2] 01513 0.08294
alpha beta[2,3]-0.1636 0.08288
alpha beta[2,4] -0.05922 0.07843

0.1458 0.07539
04776 0.08317
0.01303  0.08277
-0.3486 007877
01436  0.09262
-0.01958 0129

0.144 0.1286
0.5066 01234
01645 01378
0.5261 0133

03616 01324

MC_error val2.5pc
1.498E-4 -0.01903
1.498E-4 -0.1G626
1.684E-4 -0.2192
J.681E-4 -0.3148
3.636E-4 4 GERE-4
3.451E-4 -0.095449
1.684E-4 -0.07G36
JE81E-4 -0.01148
J.636E-4 -0.3263
3.491E-4 -0.2127
1.627E-4 0.01087
J.696E-4 0.014649
3.707E-4 -0.1488
3.283E-4 -0.8027
2.99YE-4 -0.0380R
4 334E-4 -0.2723
4 313E-4 -0.1087
3.746E-4 0.2644
B6.479E-4 -0.1067
A.891E-4 0.2646
5934E-4 01014

*2Node statistics

median
007184
-0.07184
-0.07127
-0.1411
01637
0.059245
007127
01511
-0.1637
-0.054924
014a77
DA77Y
001282
-0.3486
01437
-0.01971
01449
050458
01649
05263
03614

=10l x|

vald7.5pc start

0.1626
0.014903
007637
001146
03263
02127
0.2152
0.3148
-4.588E-4
0.0955
03066
0.34145
01768
-0.15934
03252
02323
0.3965
0.744949
0.4344
0.7ery
0.623

1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
1001
100
1001

sample
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000
100000

Figure 3: OpenBUGS result for 2(b)
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:_:ﬂl_-'_ MNode statistics | = ” = ”ﬁ|
mean sd MC_error val2.5pc median val97.5pc start sample ~

beta[1] 2966 0.21 001118 2566 2964 3.384 1001 100000

beta[?] 0.6138 0.1487 0005835 0332 0.6108 0.8077 1001 100000

betal3] 01185 002161 94094 -01613  -01183 -0.07688 1001 100000

betald] -0.0038 0001788 4.8831E-5 -0.007362 -0.003802 -2.82E-4 1001 100000

betals] 0.1659 0.02653 0001171 01152 0.1659 0.219 1001 100000

betalf] -0.1307  0.01647 8.026E-4 -0.163 -0.1302  -0.09932 1001 100000 o

Figure 4: OpenBUGS result for coefficients of Poisson model

10, which means that we consider covariates distcomp and diststore as the best two
covariates.

(c) By fixing hunits=720, aveinc=70000, aveage=6, distcomp=4, and diststore=8,
we obtain the results shown in Figure We found that the mean response is 8.958 and its
95% credible set is [7.719,10.34]. The predictive response is 8.957 and its 95% credible
set is [4.0, 15.0].
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i

282 Node statistics o[- S|

mean sd MC_error val2.5pc median val97.5pc start sample "
Comp[1,2] 05032 0.5 0.001511 0.0 1.0 1.0 1001 100000
Comp[1,3] 4.0E-4 0.0z 6.244E-5 0.0 0.0 0.0 1001 100000
Comp[1,4] 0.0 0.0 3162E-130.0 0.0 0.0 1001 100000
Comp[1,5] 06426 0.4792 0.001635 0.0 1.0 1.0 1001 100000
Comp[1,6] 85E-4 002914 9283E-5 00 0.0 0.0 1001 100000
Comp[1,7] 1.0E-5 0003162 9.97V6E-6 0.0 0.0 0.0 1001 100000
Comp[1,8] 51E-4 002258 G.844E-5 00 0.0 0.0 1001 100000
Comp[1,9] 40E-5 0006324 199E-5 00 0.0 0.0 1001 100000
Comp[1,10] 1.0E-5 0003162 1.001E-5 0.0 0.0 0.0 1001 100000
Comp[23] 28E-4 001673 bH254E-5 00 0.0 0.0 1001 100000
Comp[2,4] 1.0E-5 0003162 1.001E-5 0.0 0.0 0.0 1001 100000
Comp[25] 06397 0.4801 0.001715 0.0 1.0 1.0 1001 100000
Comp[2,6] 8.5E-4 002914 9A7VEE-5 0.0 0.0 0.0 1001 100000
Comp[2,7] 0.0 0.0 3162E-130.0 0.0 0.0 1001 100000
Comp[2,8] 59E-4 002428 7V491E-5 0.0 0.0 0.0 1001 100000
Comp[2,8] 1.0E-5 0003162 1.001E-5 0.0 0.0 0.0 1001 100000
Comp[210] 0.0 0.0 J162E-130.0 0.0 0.0 1001 100000
Comp[3,4] 02194 04139 0.001639 0.0 0.0 1.0 1001 100000
Comp[3,5] 09999 00028944 27V96E-5 1.0 1.0 1.0 1001 100000
Comp[3,6] 05639 0.4959 0.001971 0.0 1.0 1.0 1001 100000
Comp[3,7] 02078 0.4057 0.001667 0.0 0.0 1.0 1001 100000
Comp[3,8] 05505 04974 0.001663 0.0 1.0 1.0 1001 100000
Comp[3,8] 02317 0.4219 0.001567 0.0 0.0 1.0 1001 100000
Comp[3,10] 01519 0.3589 0.001519 0.0 0.0 1.0 1001 100000
Comp[4,5] 1.0 0003162 9976E-6 1.0 1.0 1.0 1001 100000
Comp[4,6] 08264 03787 0.001485 0.0 1.0 1.0 1001 100000
Comp[4,7] 04805 0.4996 0.002191 0.0 0.0 1.0 1001 100000
Compl[4,8] 08157 0.387%7 0.001481 0.0 1.0 1.0 1001 100000
Comp[4,89] 05206 0.4996 0.002086 0.0 1.0 1.0 1001 100000
Compl[4,10] 03829 0.4861 000216 0.0 0.0 1.0 1001 100000
Comp[5,6] 1.6E-4 001265 4151E-5 0.0 0.0 0.0 1001 100000
Comp[5,7] 0.0 0.0 3162E-130.0 0.0 0.0 1001 100000
Comp[5,8] 17E-4 001304 4255E-5 0.0 0.0 0.0 1001 100000
Comp[5,89] 0.0 0.0 3162E-130.0 0.0 0.0 1001 100000
Comp[5,10] 0.0 0.0 3162E-130.0 0.0 0.0 1001 100000
Comp[6,7] 01636 0.3699 0.001539 0.0 0.0 1.0 1001 100000
Compl[6,8] 04843 0.4993 0.002006 0.0 0.0 1.0 1001 100000
Comp[6,9] 01851 03884 0.001525 0.0 0.0 1.0 1001 100000
Comp[6,10] 0.118 0.3226 0.001329 0.0 0.0 1.0 1001 100000
Comp[7.8] 08285 0377 0.001547 0.0 1.0 1.0 1001 100000
Comp[7.89] 05386 0.4985 0.002175 0.0 1.0 1.0 1001 100000
Comp[7,10] 04015 0.4902 0.002201 0.0 0.0 1.0 1001 100000
Comp[8,8] 01955 0.3966 0.001487 0.0 0.0 1.0 1001 100000
Comp[8,10] 01241 0.3297 0.001316 0.0 0.0 1.0 1001 100000
Comp[2,10] 03652 0.4815 000204 0.0 0.0 1.0 1001 100000

L

Figure 5: OpenBUGS result for model comparison
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:#: Node statistics E=n W=

mean sd MC_error val2.5pc median val97.5pc start sample "
beta[1] 2966 0.21 0.01118 25646 2.964 3.384 1001 100000
betal2] 0.6138 0.1487 0.005835 0.332 06108  0.9077 1001 100000
betald] -01185  0.02161 9409e-4 -01612 -0.1183  -0.076883 1001 100000
betal4] -0.0028 0.001788 4.881E-5 -0.007362 -0.003802 -2.82E-4 1001 100000
betals] 0.1659 002653 0.001171 01152 01659 0219 1001 100000
betalf] -0.1307  0.01647 8.026E-4 -0.163 -0.1302  -0.09882 1001 100000
deviance hE5.2 3527 0.1101 560.3 5645 573.8 1001 100000
lambdastar §.958 0.6681 0.02432 7714 8.929 10.34 1001 100000

ystar 8.957 3.064 0.02564 4.0 9.0 15.0 1001 100000 o

Figure 6: OpenBUGS result for mean and predictive response

A  OpenBUGS Code for Problem 1

modelq{

for (i in 1:N){

time[i] ~ dnorm(mul[i], tau)

mu[i] <- b0 + bl* magel[i] + b2*death[i]
}

b0 ~ dnorm(0, 0.001)

bl ~ dnorm(0, 0.001)

b2 ~ dnorm(0, 0.001)

tau ~ dgamma(0.001, 0.001)

# prediction for Helga

mage.helga <- 24

death.helga <- 0

mu.helga <- bO + bl*mage.helga + b2*death.helga
time.helga ~ dnorm(mu.helga, tau)

# prediction for Emma

mage.emma <- 28

death.emma <- 1

mu.emma <- bO + blxmage.emma + b2*death.emma
time.emma ~ dnorm(mu.emma, tau)

}

DATA
1list (N=16341)
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DATA(mage, death, and time)

INITS
list(b0=1, b1=0, b2=0, tau=1)

B OpenBUGS Code for Problem 2

model{

for(i in 1:n){

DIFF[i] ~ dnorm( mu[il, tau )

mu[i] <- muO + alpha[Seeded[i]] + beta[Season[i]] + alpha.betal Seeded[i], Season[

+

#CR (corner) constraints
alpha[1] <- 0;
betal[1]<- 0;
alpha.beta[1,1]<- 0;
for( a in 2:leva) {alpha.betala,1]<- 0}
for(b in 2:levb) {alpha.beta[l,b]<- 0}

H H B H R

##STZ (sum-to-zero) constraints
alpha[1] <- - sum(alpha[2:1leval)
betal[l] <- - sum(betal[2:1levb])
for(a in 1:leva) {alpha.betala,1] <- - sum(alpha.betala, 2:1levb])}
for(b in 2:levb) {alpha.beta[l,b] <- - sum(alpha.betal[2:leva, b])}

#PRIORS

mu0 ~ dnorm(0, 0.0001)

for(a in 2:leva) {alphala] ~ dnorm(0, 0.0001)}

for(b in 2:1levb) {betal[b] ~ dnorm(0, 0.0001)}

for(a in 2:leva) {for(b in 2:levb){
alpha.betala,b] ~ dnorm(0, 0.0001) }}

tau ~ dgamma(0.001, 0.001)

s <- 1/sqrt(tau)

#PAIRWISE COMPARISONS

for(i in 1:1) {for(j in i+1:2) {cali,j] <- alphalil-alphaljl}}
for(i in 1:3) {for(j in i+1:4) {cbli,j] <- betalil-betaljl}}

}
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DATA 1

list(n =108, leva= 2, levb= 4, Seeded=c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,
DIFF = c(0.45,0.182,0.66,0.053,-0.058,0.233,-0.008,-0.227,0.053,2.187,0.058,-0.523,0.83,
)

[

b 3 3 b 3 3

INITS
1list (mu0=0, alpha=c(NA,0), beta=c(NA,0,0,0), alpha.beta = structure(.Data=c(NA, NA, NA,
.Dim=c(2,4)), tau = 1)

C OpenBUGS Code for Problem 3

OpenBUGS code for Poisson model.
model{

for (i in 1:N) {
hunitsO[i] <- hunits[i]/1000
aveincO[i] <- aveinc[i]/10000

customers[i] ~ dpois(lambdali])

lambdal[i] <- exp(betal[l]+beta[2]*hunitsO[i]+beta[3]*aveincO[i]+betal[4]*aveage[i]
+beta[5]*distcomp[i]+beta[6]*diststore[i])

}

for (j in 1:6) {
betal[j] ~ dnorm(0, 0.0001)
}

hunits.star <- 720/1000
aveinc.star <- 70000/10000
aveage.star <- 6
distcomp.star <- 4.1
diststore.star <- 8

# mean response
lambdastar <- exp(betal[l]+beta[2]*hunits.star+betal[3]*aveinc.star+betal4]*aveage.star
tbeta[b]*distcomp.star+beta[6]*diststore.star)

# predictive response
ystar ~ dpois(lambdastar)
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OpenBUGS code for finding the best two covariates.
model{

for (i in 1:N) {
hunitsO[i] <- hunits[i]/1000
aveincO[i] <- aveinc[i]/10000

# ten competing models

lambda[1l, i] <- exp(al[l]l+a[2]*hunitsO[i]+a[3]*aveincO[i])
lambda[2, i] <- exp(b[1]+b[2]*hunitsO[i]+b[3]*aveage[i])
lambdal[3, i] <- exp(c[1]+c[2]*hunitsO[i]+c[3]*distcomp[i])
lambdal4, i] <- exp(d[1]+d[2]*hunitsO[i]+d[3]*diststore[i])
lambda[5, i] <- exp(e[l]+e[2]*aveincO[i]+e[3]*aveagel[i])
lambda[6, i] <- exp(f[1]+f[2]*aveincO[i]+f[3]*distcomp[i])
lambda[7, i] <- exp(gll]l+g[2]*aveincO[i]+g[3]*diststorel[i])
lambda[8, i] <- exp(h[1]+h[2]*aveage[i]+h[3]*distcomp[i])
lambda[9, i] <- exp(k[1]+k[2]*aveage[i]+k[3]*diststore[i])
lambda[10, i] <- exp(m[1]+m[2]*distcomp[i]+m[3]*diststore[i])
}

# compare models
for (j in 1:10) {
L[j] <- sqrt(sum(D2[j, ])+pow(sd(Customer.new[j, 1), 2))

# datasets for different models

for (i in 1:N) {

Customer[j, i] <- customers[i]

Customer[j, i] ~ dpois(lambdalj, il)

D2[j, i] <- pow(customers[i]-Customer.new[j, i], 2)
Customer.new[j, i] ~ dpois(lambdalj, i])

}

}

for (i in 1:9) {

for (j in i+1:10) {

Comp[i, j] <- step(L[j]-L[il)
}
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}

for (j in 1:3) {

aljl = dnorm(0, 0.01)
b[j] = dnorm(0, 0.01)
c[jl] ~ dnorm(0, 0.01)
d[j] =~ dnorm(0, 0.01)
e[j] ~ dnorm(0, 0.01)
f[jl] = dnorm(0, 0.01)
gljl = dnorm(0, 0.01)
h[j] = dnorm(0, 0.01)
k[j] = dnorm(0, 0.01)
m[j] = dnorm(0, 0.01)
}

}

10
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