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贝叶斯方法 Bayesian method

2

Bayesian: Probability (parameter, given data)
Frequentist: Probability (data, given parameter)                 

)(
)( )(

)(
ym
Pyf

yP


 
Posterior probability

Likelihood

Prior probability

Bayes’ Theorem

Marginal probability of y

(Reverend Thomas Bayes 1763)

 d)()()( pyfym 



第六届中国 R语言会议 (北京) 贝叶斯分级模型 Bayesian hierarchical modeling 李欣海

/ 32

Bayesian method is appropriate for dynamics, 
nonlinear, and full-of-noise ecological processes 

3

Wood SN (2010). Statistical inference for noisy nonlinear ecological dynamic systems. 
Nature 466: 1102-1113.

Systems invariably driven by endogenous dynamic processes plus demographic 
and environmental process noise, and are only observable with error. 

The inability to make well-founded statistical inferences about biological dynamic 
models in the chaotic and near-chaotic regimes, …, leaves dynamic theory without 
the methods of quantitative validation that are essential tools in the rest of biological 
science.

Here I show that this impasse can be resolved in a simple and general manner, …, 
using a straightforward Markov chain Monte Carlo (MCMC) sampler (Wood 2010).
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A simple example: mortality of moths exposed to cypermethrin
(Royle and Dorazio 2008 Page 66)

4

The experiment was designed to test whether males and 
females moths suffered the same mortality when exposed 
to identical doses of cypermethrin (氯氰菊酯).

Data observed in a dose-response experiment involving 
adults of the tobacco budworm (Heliothis virescens, 烟青
虫), a moth species whose larvae are responsible for 
damage to cotton crops in the United States and Central 
and South America (Collett, 1991, Example 3.7). 

In the experiment, batches of 20 moths of each sex were 
exposed to a pesticide called cypermethrin for a period of 
72 hours, beginning two days after the adults had 
emerged from pupation. Both sexes were exposed to the 
same range of pesticide doses: 1, 2, 4, 8, 16, and 32 g 
cypermethrin. 

At the end of the experiment the number of  dead moths 
in each batch were recorded.

y sex sexcode dose
1 male 1 1
4 male 1 2
9 male 1 4
13 male 1 8
18 male 1 16
20 male 1 32
0 female 0 1
2 female 0 2
6 female 0 4
10 female 0 8
12 female 0 16
16 female 0 32
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Models
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Let xi denote the log2(dose) of cypermethrin administered to the ith 
batch of moths that contained either males (zi = 1) or females (zi = 0). 
Each batch has N = 20 moths. A logistic-regression model containing 3 
parameters is:

where  alpha is the intercept,  beta is the effect of cypermethrin
and  gamma is the effect of sex.

y sex sexcode dose

1 male 1 1

4 male 1 2

9 male 1 4

13 male 1 8

18 male 1 16

20 male 1 32

0 female 0 1

2 female 0 2

6 female 0 4

10 female 0 8

12 female 0 16

16 female 0 32
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# -------------data------------------------------------
N = 20 # 每组烟青虫的数量，雌雄各6组
y  = c(1,4,9,13,18,20, 0,2,6,10,12,16) # 每组死亡的烟青虫数量

sex = c(rep('male',6), rep('female',6))
dose = rep(c(1,2,4,8,16,32), 2) # 农药剂量
ldose = log(dose)/log(2) # 对数转换
sexcode = rep(0,length(sex)) # 定义性别代码为0
i = sex==‘male’ # 区分雌雄（FALSE-TRUE）
sexcode[i] = 1 # 定义雄性代码为1，剩下的雌性依旧为0
as.data.frame(cbind(y, sex, sexcode, dose)) # 显示数据

# -------------arguments for R2WinBUGS---------------------
data = list(n=length(y), N=N, y=y, x=ldose, z=sexcode)
params = list('alpha', 'beta', 'gamma', 'w')
inits = function() {

list(alpha=rnorm(1), beta=rnorm(1), 
gamma=rnorm(1), w=rbinom(1,1,0.5))

}

Codes

6

# ------------call bugs() to fit model-----------------------
library(R2WinBUGS)
modelFilename = 'd:/code/bugs/model.txt'
fit = bugs(data, inits, params, model.file = modelFilename,

n.chains = 1, n.iter = 10000, n.burnin = 5000, n.thin = 5, 
bugs.seed = sample(1:9999, size=1), debug = TRUE,   
DIC = FALSE,
bugs.directory = "d:/softwares/WinBUGS14/")

fit
fit$sims.matrix

# -------------native WinBUGS code---------------------------
modelFilename = 'd:/code/bugs/model.txt'
cat('

model {
alpha ~ dnorm(0, 0.01)
beta ~ dnorm(0, 0.01)
w ~ dbin(0.5,1) #确定雌雄
gamma ~ dnorm(0, 0.01)
for (i in 1:n) {

y[i] ~ dbin(p[i], N)
logit(p[i]) <- alpha + beta*x[i] + w*gamma*z[i]

}
}

', fill = TRUE, file = modelFilename)

# Key WinBUGS code
alpha    ~ dnorm(0, 0.01)
beta      ~ dnorm(0, 0.01)
w          ~ dbin(0.5, 1) #确定雌雄
gamma ~ dnorm(0, 0.01)

for (i in 1:n) {
y[i] ~ dbin(p[i], N)
logit(p[i]) <- alpha + beta*x[i] + w*gamma*z[i]

}
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Results

alpha

iteration
1001 1250 1500 1750 2000

   -6.0
   -5.0
   -4.0
   -3.0
   -2.0
   -1.0

beta

iteration
1001 1250 1500 1750 2000

    0.5
   0.75
    1.0
   1.25
    1.5
   1.75

gamma

iteration
1001 1250 1500 1750 2000

  -40.0

  -20.0

    0.0

   20.0

   40.0

w

iteration
1001 1250 1500 1750 2000

    0.0

    0.5

    1.0

node mean sd MC error 2.50% median 97.50% start sample
alpha -3.423 0.5463 0.03888 -4.494 -3.406 -2.397 1001 1000
beta 1.077 0.1354 0.007451 0.827 1.07 1.364 1001 1000

gamma 1.143 1.885 0.06088 0.3462 1.187 2.05 1001 1000
w 0.822 0.3825 0.0342 0 1 1 1001 1000

7
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分级模型 Hierarchical modeling 

)( ii PoissonN 
物种在地点 i 的数量
(Abundance of a species at site i)：

ir
每个物种个体在地点 i 被发现的概率
(Detection rate of an individual at site i)：

需要估计的参数
(Parameters to be estimated)： i ir

8

一个案例(an example)
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分级模型的历史 History of hierarchical modeling 

The idea of hierarchical modeling started in the mid 20th century (Gelman
et al. 1995). The hierarchical spatio-temporal dynamic model methodology was illustrated with a case study 
concerned with predicting the abundance of the house finch (Carpodacus mexicanus) over the eastern half of the 
U.S. from 1966 through 2001, with data collected during the North American Breeding Bird Survey (BBS; Robbins 
et al. 1986).

Hierarchical models in environmental sciences were developed in recent 
studies (Berliner 1996; Wikle et al. 1998, 2001).

Hierarchical modeling is based on the simple fact from probability that the 
joint distribution of a collection of random variables can be decomposed into 
a series of conditional models (Wikle 2003a, 2003b).

Berliner, L. M. 1996. Hierarchical Bayesian time series models.
Gelman, A., Carlin, J. B., Stern, H. S., and Rubin, D. B. 1995. Bayesian Data Analysis (1st ed.), London: Chapman and Hall.
Wikle, C. K. 2003a. Hierarchical Bayesian models for predicting the spread of ecological processes. Ecology 84:1382‐1394.
Wikle, C. K. 2003b. Hierarchical models in environmental science. International Statistical Review 71:181‐199.
Wikle, C. K., L. M. Berliner, and N. Cressie. 1998. Hierarchical Bayesian space‐time models. Environmental and Ecological Statistics 5:117‐154.
Wikle, C. K., R. F. Milliff, D. Nychka, and L. M. Berliner. 2001. Spatiotemporal hierarchical Bayesian modeling: Tropical ocean surface winds. 

Journal of the American Statistical Association 96:382‐397. 9
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A classification of models 
based on their intrinsic properties 

After Levins (1966), Sharpe (1990), and Guisan & Zimmermann (2000)

11

Reality

Precision Generality

empirical
phenomenological
ecological
statistical

mechanistic
physiological
fundamental
process-based

analytical
mathematical
theoretical
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Improvement from hierarchical modeling

12

Reality

Precision Generality

empirical
phenomenological
ecological
statistical

mechanistic
physiological
fundamental
process-based

analytical
mathematical
theoretical

Generalized linear mixed model

Hierarchical modeling
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分级模型案例 An example of hierarchical modeling

13

y.1 y.2 y.3 c.1 c.2 c.3 elev forest dur.1 dur.2 dur.3 day.1 day.2 day.3 length

0 0 0 0 0 0 420 3 240 240 240 29 58 73 6.2

0 0 0 0 0 0 450 21 160 155 140 13 39 62 5.1

0 0 0 0 0 0 1050 32 120 105 85 30 47 74 4.3

0 0 0 0 0 0 1110 35 180 170 145 23 44 71 5.4

0 0 0 0 0 0 510 2 210 225 235 28 56 73 3.6

0 0 0 0 0 0 630 60 150 180 195 17 56 73 6.1

0 0 0 0 0 0 590 5 115 105 95 16 37 76 5.1

0 0 0 0 0 0 530 13 155 140 135 24 47 74 3.7

1 1 0 2 1 0 1140 50 165 165 180 25 46 70 3.8

0 0 1 0 0 1 770 57 220 230 255 21 38 50 7.7

0 0 0 0 0 0 1220 84 135 150 135 30 60 74 3.1

0 0 0 0 0 0 460 17 240 230 250 28 49 81 4.4

0 0 0 0 0 0 1010 58 145 180 165 41 69 71 6

0 0 0 0 0 0 760 26 175 270 210 18 50 72 6.2

1 0 0 1 0 0 1300 32 260 270 290 35 58 75 6.1

1 1 0 2 1 0 1270 66 176 145 150 28 39 61 4.5

0 0 0 0 0 0 380 45 180 160 165 21 40 86 6.2

1 1 1 3 3 1 550 31 195 240 270 20 42 63 6.9

0 0 0 0 0 0 390 8 150 130 140 35 50 75 4.6

0 1 0 0 1 0 1380 78 160 160 150 54 75 99 3.7

0 0 0 0 0 0 530 37 225 210 225 30 50 76 5.7

0 0 0 0 0 0 1190 18 165 175 240 26 47 71 4

1 1 1 1 1 1 1490 54 300 325 321 47 62 77 5.5

0 0 0 0 0 0 920 6 170 90 98 20 40 61 4.3

0 0 0 0 0 0 620 3 270 271 215 17 46 61 3.4

0 0 0 0 0 0 540 27 180 240 180 15 45 66 4.2

1 0 1 1 0 1 820 56 290 315 295 37 60 90 5.3

1 1 1 2 3 4 1220 66 225 240 255 45 61 86 5.6

1 1 1 1 1 2 1180 43 325 365 350 39 60 83 5.1

0 0 0 0 0 0 730 40 390 391 406 23 45 58 6.2

0 0 0 0 0 0 580 5 95 90 105 13 40 74 5.2

0 0 0 0 0 0 490 3 160 115 125 29 46 48 5.5

0 0 0 0 0 0 1270 52 185 220 204 35 50 72 5.6

0 0 0 0 0 0 930 38 240 210 210 24 52 62 4.2

0 0 0 0 0 0 510 49 210 150 180 43 51 62 4.1

1 1 NA 2 2 NA 1830 15 340 255 NA 69 94 NA 5.3

1 1 1 5 2 2 1940 62 325 340 345 60 73 84 5.1

1 1 1 2 3 4 1090 82 195 170 180 24 50 76 3.6

0 0 NA 0 0 NA 2010 0 250 270 NA 76 83 NA 4.7

0 0 0 0 0 0 790 5 220 180 190 23 36 69 6.3

1 1 1 1 1 2 1730 58 120 125 110 47 72 81 3.6

0 0 0 0 0 0 1120 98 170 170 195 28 43 62 3.3

0 0 0 0 0 0 620 33 180 180 210 21 45 74 4

0 0 0 0 0 0 590 53 185 165 190 28 42 62 8.6

1 1 1 3 2 1 1840 17 315 300 315 55 63 76 6.9

0 0 0 0 0 0 930 16 225 210 205 28 39 62 5.9

1 1 1 1 2 1 540 60 270 240 240 27 50 90 4.3

0 0 0 0 0 0 420 2 250 240 220 28 52 84 6.1

1 1 1 4 4 4 1400 52 240 240 240 26 48 76 5.7

0 0 0 0 0 0 890 58 185 220 190 24 45 61 6.9

1 1 1 5 9 3 1460 50 180 220 195 23 46 75 5.9

0 0 NA 0 0 NA 1850 12 210 195 NA 46 65 NA 4.5

0 0 0 0 0 0 1420 29 180 210 190 17 42 62 3.7

0 0 0 0 0 0 600 16 140 130 145 30 37 46 4.9

0 0 0 0 0 0 550 83 170 175 195 21 50 61 3.2

0 0 0 0 0 0 750 79 235 240 225 20 35 59 4

1 1 1 8 4 3 1790 51 250 280 270 47 69 77 5.7

0 0 0 0 0 0 680 8 125 130 120 16 43 59 6.1

0 0 1 0 0 1 990 45 240 240 240 13 39 55 4.2

0 0 0 0 0 0 520 5 180 185 170 20 36 60 6.3

0 0 0 0 0 0 760 64 195 195 210 26 40 47 4.8

0 0 0 0 0 0 370 14 250 240 205 20 55 77 9.4

0 0 NA 0 0 NA 2710 0 120 105 NA 91 99 NA 1.9

0 0 0 0 0 0 650 0 240 210 170 22 45 56 5.1

0 0 0 0 0 0 660 30 240 270 315 21 50 63 5.3

1 1 0 1 1 0 730 17 240 300 300 20 40 68 6.9

0 0 0 0 0 0 460 65 165 165 165 20 45 51 4.6

0 0 0 0 0 0 360 30 255 240 250 18 37 62 6.5

0 0 0 0 0 0 250 0 230 270 270 28 50 63 4.2

0 0 NA 0 0 NA 1940 5 300 300 NA 76 91 NA 5.1

0 0 NA 0 0 NA 2420 0 165 125 NA 88 96 NA 4.1

0 0 1 0 0 1 1320 66 195 185 185 27 40 65 5.8

0 0 0 0 0 0 790 8 240 240 270 26 47 72 5.4

0 0 0 0 0 0 470 75 285 270 240 25 46 62 8.4

0 0 0 0 0 0 410 68 240 255 270 22 50 75 7.1

1 1 1 7 1 6 1940 72 135 120 140 64 78 94 4

1 1 1 9 9 9 1570 95 310 305 270 28 41 56 5.3

1 1 1 5 5 5 1880 57 240 300 260 50 76 90 5.7

0 0 0 0 0 0 1290 64 210 210 190 23 60 74 4

1 1 1 1 1 1 1340 44 320 260 240 28 43 52 4.5

1 0 0 1 0 0 880 44 195 210 195 13 37 47 4.8

0 0 0 0 0 0 710 34 255 270 285 16 36 58 7.1

0 0 0 0 0 0 630 21 300 300 315 20 43 61 5.4

0 0 0 0 0 0 450 23 150 150 150 28 42 60 4.8

0 NA NA 0 NA NA 2360 1 330 NA NA 60 76 NA 8.9

1 1 1 8 7 7 1650 43 300 285 240 27 42 62 5

1 1 1 1 7 3 2050 30 270 255 270 61 72 77 4.1

0 0 0 0 0 0 790 26 210 255 225 20 40 62 4.8

0 NA NA 0 NA NA 730 7 120 NA NA 13 41 69 5.6

0 0 0 0 0 0 490 87 195 175 270 15 34 54 6.3

0 0 0 0 0 0 840 49 270 290 295 21 46 73 4.8

0 0 0 0 0 0 450 39 270 280 280 23 46 69 7.6

1 1 1 3 1 4 1010 93 240 290 250 20 37 50 5.4

0 0 0 0 0 0 1450 48 230 240 240 51 70 77 4.7

0 0 0 0 0 0 850 11 115 130 125 22 30 59 3.3

1 0 1 2 0 2 1240 73 345 315 360 22 42 56 6.2

0 0 0 0 0 0 570 12 135 165 150 27 41 69 5.9

1 1 1 5 4 3 1500 42 265 290 330 50 69 78 5.6

0 0 0 0 0 0 1420 26 195 210 255 40 47 64 4.9

0 0 0 0 0 0 780 13 130 155 130 23 37 61 3.2

0 0 0 0 0 0 470 2 185 125 115 20 41 52 4.5

0 0 NA 0 0 NA 2080 15 185 205 NA 72 99 NA 4.4

1 1 1 19 12 13 2020 54 290 290 255 43 73 98 5.8

1 1 1 3 8 3 1750 74 300 330 260 50 59 76 5.5

1 1 1 2 2 1 1630 45 245 275 245 48 60 75 4.3

0 0 0 0 0 0 640 61 260 250 265 21 42 63 5.9

0 0 0 0 0 0 530 33 220 245 240 18 31 61 5.5

0 0 0 0 0 0 660 54 145 168 160 26 46 62 3.5

1 1 1 1 1 1 1360 69 225 225 225 42 61 77 3.5

0 0 0 0 0 0 1290 47 210 205 210 31 38 76 7

0 0 0 0 0 0 670 5 180 190 180 37 40 55 6.5

0 0 0 0 0 0 480 36 285 330 300 21 50 69 7.7

1 1 1 4 3 2 2000 60 300 330 330 71 76 81 4.8

0 1 1 0 1 1 800 72 125 155 170 26 51 61 3.3

0 0 0 0 0 0 1010 29 190 180 170 21 46 74 4.6

0 0 0 0 0 0 680 7 215 220 185 26 46 62 5.6

0 0 0 0 0 0 490 7 230 255 280 21 41 63 4.3

0 0 0 0 0 0 400 13 150 150 180 21 40 63 4.3

0 0 0 0 0 0 320 2 195 180 220 21 39 62 8.3

1 1 1 2 4 1 1400 16 255 255 270 49 91 92 5.4

0 0 0 0 0 0 590 62 190 220 215 21 42 62 4

0 0 0 0 0 0 430 9 215 275 285 28 50 63 7.1

0 0 0 0 0 0 410 37 210 240 225 21 48 63 7.4

0 0 0 0 0 0 510 71 220 205 210 18 46 56 5.7

1 1 1 6 8 9 1930 41 390 375 360 84 97 103 4.8

1 0 NA 1 0 NA 1560 19 300 300 NA 80 96 NA 3

0 0 0 0 0 0 700 24 270 285 330 18 37 66 6.7

0 0 0 0 0 0 440 10 215 235 213 16 46 50 6.5

0 0 0 0 0 0 480 0 145 145 140 26 58 65 6.1

0 0 0 0 0 0 490 70 225 300 320 16 42 66 6.2

1 1 1 3 3 8 1850 45 180 225 225 69 76 83 5.9

0 0 0 0 0 0 490 18 150 125 140 15 35 73 4.2

0 0 0 0 0 0 480 20 180 180 180 15 39 61 6.5

0 0 0 0 0 0 440 3 150 180 180 20 41 69 5

0 0 0 0 0 0 820 20 300 300 350 26 45 72 6.1

0 0 0 0 0 0 670 36 290 315 285 22 37 61 4.3

0 0 0 0 0 0 610 19 152 225 241 18 46 64 5.4

1 0 0 1 0 0 1700 35 205 190 225 62 75 77 3.6

0 0 0 0 0 0 900 87 200 225 230 16 51 65 7

1 1 1 2 1 1 1250 51 210 210 210 41 47 61 5.8

0 0 0 0 0 0 910 21 240 270 390 38 52 75 4.2

0 0 0 0 0 0 540 11 240 270 270 20 51 82 6.1

0 0 0 0 0 0 450 29 135 165 150 21 45 66 4.7

0 0 0 0 0 0 470 55 225 230 275 14 40 64 4.9

0 1 NA 0 1 NA 1880 32 240 270 NA 64 84 NA 6.9

1 0 1 1 0 1 1400 32 210 210 225 39 47 69 4.5

0 0 0 0 0 0 470 3 135 120 125 26 46 62 5.2

0 0 NA 0 0 NA 830 58 205 210 NA 43 55 72 5

0 1 1 0 1 2 1950 36 285 295 305 70 84 98 4.4

0 0 0 0 0 0 1660 86 230 205 199 51 72 84 5

0 1 1 0 1 1 1210 75 245 235 270 16 46 74 4.6

1 0 0 1 0 0 380 23 230 220 220 27 45 62 5.8

0 0 NA 0 0 NA 1840 0 260 260 NA 64 88 NA 3.8

0 0 0 0 0 0 950 71 225 225 195 18 50 84 6.9

0 0 0 0 0 0 880 69 180 210 185 21 39 63 6.7

0 0 0 0 0 0 480 6 180 210 210 28 47 63 4.6

0 0 0 0 0 0 550 67 300 300 300 29 38 50 4.9

0 0 0 0 0 0 550 67 300 300 300 29 38 50 4.9

0 0 0 0 0 0 340 42 300 310 340 20 42 76 5

0 0 0 0 0 0 550 72 255 255 270 20 42 70 5.5

0 0 0 0 0 0 1320 79 205 180 170 46 71 78 3.7

0 0 0 0 0 0 260 47 160 190 180 15 29 52 7.3

1 0 0 1 0 0 2010 26 300 300 270 67 87 107 4.1

0 0 0 0 0 0 1130 56 210 210 200 21 48 62 4.9

1 0 NA 1 0 NA 1910 18 255 255 NA 48 76 NA 4.4

1 1 1 1 2 2 1630 33 290 300 285 55 76 101 2.9

0 0 0 0 0 0 1540 21 150 135 125 47 62 78 3.3

1 1 1 2 4 3 1340 39 335 300 300 46 50 62 4

0 0 0 0 0 0 1180 69 270 270 285 30 45 59 5.5

0 0 0 0 0 0 830 42 300 315 295 21 56 72 6

0 0 0 0 0 0 540 98 240 210 215 31 50 62 5.8

1 1 1 2 3 1 1410 52 185 185 210 24 46 60 3.5

0 1 0 0 1 0 1320 90 170 215 195 23 45 50 4.4

1 0 1 1 0 1 890 50 225 195 225 22 47 74 4.1

0 0 0 0 0 0 580 54 225 210 195 16 30 45 4.9

0 0 0 0 0 0 500 9 210 210 210 31 39 42 5.1

1 1 1 2 1 1 1220 51 280 270 270 27 55 80 5

1 0 0 3 0 0 710 35 315 300 345 13 50 60 5.2

0 0 0 0 0 0 1820 57 360 270 300 61 84 90 3.8

0 0 0 0 0 0 520 18 230 255 265 21 39 46 5.8

1 1 NA 1 1 NA 1890 12 305 290 NA 76 96 NA 4.6

0 0 0 0 0 0 1650 34 165 160 135 45 63 83 3.4

0 0 0 0 0 0 1390 68 285 285 300 39 50 60 4.1

0 0 0 0 0 0 1390 63 225 150 200 40 73 90 4.7

1 0 0 1 0 0 1290 48 290 300 300 28 45 55 4.5

0 1 1 0 1 2 1810 33 270 240 240 47 61 101 3.5

1 1 0 1 1 0 1130 90 275 260 285 13 39 55 5

0 0 0 0 0 0 480 33 270 300 240 13 31 48 6

0 0 0 0 0 0 1040 37 240 240 225 28 48 63 4

0 0 0 0 0 0 410 8 135 180 135 28 50 81 3.4

1 1 1 14 13 9 2030 36 255 325 315 53 77 95 4.7

1 1 1 6 6 8 1880 66 270 260 240 44 66 78 4.6

0 0 0 0 0 0 950 56 275 230 285 31 39 47 4.1

0 0 0 0 0 0 450 0 260 270 285 23 37 65 5.9

0 0 0 0 0 0 950 41 255 270 300 13 46 62 5

0 0 0 0 0 0 1070 63 315 355 380 24 54 78 9.1

0 0 NA 0 0 NA 1980 0 235 180 NA 78 86 NA 5.5

0 1 0 0 2 0 1350 35 195 200 200 28 55 76 4.7

0 0 0 0 0 0 540 14 240 200 235 28 51 63 7.5

0 0 0 0 0 0 420 1 240 180 210 23 41 61 7.2

1 1 0 8 4 0 1420 27 280 285 289 38 52 72 3.9

0 0 NA 0 0 NA 2240 0 240 210 NA 63 77 NA 6.6

1 0 NA 1 0 NA 1980 6 360 360 NA 63 80 NA 4.1

0 1 NA 0 1 NA 2330 0 270 240 NA 63 76 NA 3.8

0 0 NA 0 0 NA 2050 1 180 180 NA 62 69 NA 3.9

1 1 1 4 2 4 1180 58 285 290 295 26 41 59 4.2

1 0 NA 3 0 NA 2010 9 330 310 NA 76 90 NA 4.4

1 1 NA 3 1 NA 2220 14 195 220 NA 77 85 NA 4.6

1 1 NA 1 2 NA 2310 2 350 365 NA 87 94 NA 4.3

1 1 1 4 8 10 2190 30 360 360 360 63 74 88 6.8

1 1 1 6 4 4 1770 93 205 250 180 51 62 72 8.5

1 1 1 6 6 5 1830 82 320 295 310 60 72 74 6.5

1 1 1 6 12 9 1870 81 290 300 305 59 61 73 6.2

1 1 1 12 7 8 1840 82 300 300 300 55 68 82 4.6

0 0 NA 0 0 NA 2420 0 296 290 NA 74 88 NA 5.3

1 1 1 7 2 8 1820 69 326 296 283 50 66 76 4.7

1 1 1 9 13 12 1850 53 300 300 330 65 74 95 5.9

0 0 NA 0 0 NA 2250 0 300 300 NA 83 99 NA 3.6

0 0 NA 0 0 NA 2250 0 180 180 NA 60 94 NA 4.1

0 0 NA 0 0 NA 2450 0 330 330 NA 76 84 NA 4.3

0 0 NA 0 0 NA 2350 0 360 300 NA 56 83 NA 9.3

0 0 NA 0 0 NA 2650 0 100 95 NA 87 102 NA 2

0 0 NA 0 0 NA 2750 0 365 350 NA 86 89 NA 5.2

0 0 NA 0 0 NA 2450 0 305 335 NA 83 97 NA 5.9

0 0 NA 0 0 NA 1950 0 165 195 NA 62 74 NA 5.2

0 0 NA 0 0 NA 2150 0 240 240 NA 79 84 NA 4.9

0 0 NA 0 0 NA 1850 1 210 145 NA 75 78 NA 3.5

0 0 NA 0 0 NA 2050 0 150 210 NA 87 99 NA 5.7

0 0 NA 0 0 NA 1850 0 195 210 NA 73 79 NA 1.4

0 0 NA 0 0 NA 2050 15 165 180 NA 85 91 NA 3.4

0 0 NA 0 0 NA 2150 0 170 170 NA 83 91 NA 1.2

0 0 NA 0 0 NA 2050 0 180 255 NA 70 84 NA 4.4

0 0 NA 0 0 NA 1950 2 195 210 NA 63 76 NA 5.3

0 0 NA 0 0 NA 1950 0 270 270 NA 70 98 NA 5.2

0 0 NA 0 0 NA 2250 0 190 210 NA 63 91 NA 4.2

0 0 NA 0 0 NA 2250 0 300 300 NA 78 93 NA 2.7

0 0 NA 0 0 NA 2350 0 190 250 NA 79 100 NA 2.9

Swiss bird survey data consisting of 3 replicate quadrat counts of 
the willow tit (Parus montanus,褐头山雀) during the breeding 
season and covariates elevation (m) and forest cover (percent). 
Only a subset of quadrat counts are shown here. The symbol ‘NA’ 
indicates a missing value in an R data set.

rep1 rep2 rep3 elevation forest
0 0 0 910 21

0 0 0 540 11
0 1 NA 1880 32

1 0 1 1400 32
0 1 1 1210 75

1 0 0 380 23
0 0 NA 1840 0

1 0 NA 1910 18
1 2 2 1630 33

0 0 0 1540 21
2 4 3 1340 39

2 3 1 1410 52
14 13 9 2030 36

6 6 8 1880 66

(Royle and Dorazio 2008 Page 88)
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Models in WinBUGS format

14

for(i in 1:M){ # M sites
z[i] ~ dbin(psi[i],1) # STATE MODEL, psi[i] is the probability of occurrence at site i

logit(psi[i]) <- b0 + b1*elev[i] + b2*elev2[i] + b3*forest[i] # probability of occ.

for(t in 1:J){ #  J is the number of surveys at site i, which is 3
mu[i, t] <- a0 + a1*date[i, t] + a2*date2[i, t] + a3*intensity[i, t]
p[i, t]  <- exp(mu[i, t])/(1+exp(mu[i, t])) # probability of detection
muy[i, t] <- z[i]*p[i, t] # realized detection
y[i, t] ~  dbin(muy[i, t],1) # OBSERVATION MODEL

}
}
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R code

15

setwd('d:/models/hierarchical_modeling')
library("R2WinBUGS")
source("utilfns.Rd")
data <- read.table("wtmatrix.csv", header=TRUE, sep=",", na.strings=c("NA")) # see previous slide
y <- as.matrix(data[, c("y.1", "y.2", "y.3")])
M <- nrow(y)
J <- ncol(y)
length <- as.vector(data[, "length"])
forest <- as.vector(scale(data[, "forest"], center=TRUE))
elev <- as.vector(scale(data[, "elev"], center=TRUE))
elev2 <- elev*elev
date <- as.matrix(data[,c("day.1","day.2","day.3")])
mdate <- mean(date, na.rm=TRUE)
sddate <- sqrt(var(date[1:length(date)], na.rm=TRUE))
date <- (date - mdate) / sddate
date2 <- date*date
dur <- as.matrix(data[, c("dur.1", "dur.2", "dur.3")])
intensity <- dur/length
mint <- mean(intensity, na.rm=TRUE)
sdint <- sqrt(var(intensity[1:length(intensity)], na.rm=TRUE))
intensity <- (intensity - mint)/sdint
length <- (length - mean(length))/sqrt(var(length))
date[is.na(y)] <- date2[is.na(y)] <- intensity[is.na(y)] <- 0

data <- list ( "y","M","J","forest","elev","elev2","date","date2","intensity")
inits <- function()

list ( z=rbinom(M,1,.4),psi0=runif(1),b1=rnorm(1),b2=rnorm(1),
b3=rnorm(1),p0=runif(1),a1=rnorm(1),a2=rnorm(1),a3=rnorm(1))

parameters <- c("b0","b1","b2","b3","a0","a1","a2","a3","p0","psi0")

`expit` <- function(x){
exp(x)/(1+exp(x))
}

`logit` <- function(x){
log(x/(1-x))
}

"utilfns.Rd"
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R code

16

sink("model.txt")
cat("
model {
# prior distributions
p0 ~ dunif(0,1)
a0 <- log(p0/(1-p0))
a1 ~ dnorm(0,.001)
a2 ~ dnorm(0,.001)
a3 ~ dnorm(0,.001)
psi0 ~ dunif(0,1)
b0 <- log(psi0/(1-psi0))
b1 ~ dnorm(0,.001)
b2 ~ dnorm(0,.001)
b3 ~ dnorm(0,.001)
for(i in 1:M){

z[i] ~ dbin(psi[i],1) # STATE MODEL
logit(psi[i]) <- b0 + b1*elev[i] + b2*elev2[i] + b3*forest[i]
for(t in 1:J){

mu[i, t] <- a0 + a1*date[i, t] + a2*date2[i, t] + a3*intensity[i, t]
p[i, t] <- exp(mu[i, t])/(1+exp(mu[i, t]))
muy[i, t] <- z[i]*p[i, t] 
y[i, t] ~  dbin(muy[i, t],1) # OBSERVATION MODEL

}
}
}
",fill=TRUE)
sink()

fit = bugs(data, inits, parameters, "model.txt",
n.chains=3, n.iter=2000, n.burnin=1000, n.thin=1,
bugs.seed=sample(1:9999, size=1),          
debug=TRUE, DIC=FALSE,
bugs.directory = "d:/softwares/WinBUGS14/")

fit
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Results

17

node mean sd MC error 2.50% median 97.50% start sample
a0 1.288 0.236 0.01057 0.814 1.293 1.752 1001 3000
a1 0.1816 0.1775 0.008539 -0.1515 0.1811 0.5331 1001 3000
a2 -0.04908 0.1576 0.008315 -0.3486 -0.04592 0.2685 1001 3000
a3 0.1571 0.2308 0.01171 -0.2552 0.1324 0.6192 1001 3000
b0 -0.1762 0.2751 0.01053 -0.7205 -0.1768 0.3636 1001 3000
b1 2.043 0.3083 0.01126 1.468 2.035 2.691 1001 3000
b2 -1.156 0.2654 0.01152 -1.716 -1.143 -0.6635 1001 3000
b3 0.8612 0.2362 0.007432 0.4179 0.8551 1.357 1001 3000
p0 0.7812 0.04028 0.001818 0.693 0.7846 0.8522 1001 3000
psi0 0.4568 0.06704 0.002553 0.3273 0.4559 0.5899 1001 3000

http://www.flickr.com/photos/micr0tubulus/2358719527/
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Fitting model to the willow tit data using 
the likelihood specification (non‐Bayesian method)

18

# Data
source("D:/models/hierarchical_modeling/utilfns.Rd")
data <- read.table("wtmatrix.csv", header=TRUE, sep=",", na.strings=c("NA"))
forest <- as.vector(scale(data[, "forest"], center=TRUE))
elev <- as.vector(scale(data[, "elev"], center=TRUE))
ymat <- as.matrix(data[, c("y.1", "y.2", "y.3")])
M <- nrow(ymat)
length <- as.vector(data[, "length"])
date <- as.matrix(data[,c("day.1","day.2","day.3")])
mdate <- mean(date, na.rm=TRUE)
sddate <- sqrt(var(date[1:length(date)], na.rm=TRUE))
date <- (date - mdate) / sddate
dur <- as.matrix(data[, c("dur.1", "dur.2", "dur.3")])
intensity <- dur/length
mint <- mean(intensity, na.rm=TRUE)
sdint <- sqrt(var(intensity[1:length(intensity)], na.rm=TRUE))
intensity <- (intensity - mint)/sdint
length <- (length - mean(length))/sqrt(var(length))

(Royle and Dorazio 2008 Page 117)

# Function for parameter estimation
lik <- function(parms,vars){
tmp <- rep(0,9)
names(tmp) <- c("pconst","psiconst","length","elev1","elev2",

"forest","intensity","date1","date2")
tmp[vars] <- parms
ones <- rep(1,M) # number of row
pmat <- expit (tmp[1]*ones + tmp[7]*intensity + tmp[8]*date 

+ tmp[9]*(date^2)) # detection rate
psi    <- expit (tmp[2]*ones + tmp[3]*length + tmp[4]*elev

+ tmp[5]*(elev^2) + tmp[6]*forest) # occurrences rate
loglik <- rep(NA, M)
for(i in 1:M){
yvec <- ymat[i,]
navec <- is.na(yvec)
nd <- sum(yvec[!navec])
pvec <- pmat[i,]
cp <- (pvec^yvec)*((1-pvec)^(1-yvec))
cp[navec] <- 1
loglik[i] <- log(prod(cp)*psi[i] + ifelse(nd==0,1,0)*(1-psi[i]))

}
sum(-1*loglik)
}
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Stepwise fitting for model selection

19

nam <- c("pconst", "psiconst", "elev1", "elev2", "forest", "length", 
"intensity", "date1", "date2", "aic")

out <- matrix(NA, nrow=10, ncol=length(nam))
dimnames(out) <- list(1:10, nam)

v <- c("pconst", "psiconst", "elev1", "forest")
x <- nlm(lik, c(0, 0, 0, 0), vars=v, hessian=TRUE)
out[1, v] <- x$estimate
out[1, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "elev1", "elev2", "forest")
x <- nlm(lik, c(0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[2, v] <- x$estimate
out[2, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "elev1", "elev2", "forest", "length")
x <- nlm(lik, c(0, 0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[3, v] <- x$estimate
out[3, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "elev1", "elev2", "forest", "length", 
"intensity")

x <- nlm(lik, c(0, 0, 0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[4, v] <- x$estimate
out[4, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "elev1", "elev2", "forest", "length", 
"intensity", "date1")

x <- nlm(lik, c(0, 0, 0, 0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[5, v] <- x$estimate
out[5, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "elev1", "elev2", "forest", "length", 
"intensity", "date1", "date2")

x <- nlm(lik, c(0, 0, 0, 0, 0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[6, v] <- x$estimate
out[6, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "intensity")
x <- nlm(lik, c(0, 0, 0), vars=v, hessian=TRUE)
out[7, v] <- x$estimate
out[7, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "intensity", "date1")
x <- nlm(lik, c(0, 0, 0, 0), vars=v, hessian=TRUE)
out[8, v] <- x$estimate
out[8, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "intensity", "date1", "date2")
x <- nlm(lik, c(0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[9, v] <- x$estimate
out[9, "aic"] <- 2*x$minimum + 2*length(v)

v <- c("pconst", "psiconst", "length", "intensity", "date1", "date2")
x <- nlm(lik, c(0, 0, 0, 0, 0, 0), vars=v, hessian=TRUE)
out[10, v] <- x$estimate
out[10, "aic"] <- 2*x$minimum + 2*length(v)
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Results of model selection

20

pconst psiconst elev1 elev2 forest length intensity date1 date2 aic
1 1.316 ‐1.050 1.348 NA 1.219 NA NA NA NA 452.311
2 1.329 ‐0.207 1.985 ‐1.091 0.846 NA NA NA NA 433.468
3 1.330 ‐0.171 2.032 ‐1.127 0.823 0.141 NA NA NA 434.945
4 1.252 ‐0.161 2.036 ‐1.130 0.823 0.153 0.196 NA NA 436.086
5 1.241 ‐0.163 2.029 ‐1.131 0.825 0.150 0.146 0.153 NA 437.376
6 1.307 ‐0.163 2.028 ‐1.130 0.824 0.150 0.155 0.170 ‐0.074 439.145
7 1.223 ‐0.656 NA NA NA NA 0.237 NA NA 529.876
8 1.200 ‐0.656 NA NA NA NA 0.190 0.177 NA 530.929
9 1.280 ‐0.654 NA NA NA NA 0.206 0.195 ‐0.094 532.553
10 1.292 ‐0.661 NA NA NA ‐0.164 0.188 0.192 ‐0.095 533.244

out[1:10, ]
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Case study – nest site selection of crested ibis

Study area

21
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Elevation

22
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Elevation

23
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Watersheds

# Nest site

Rice paddy 

Waterbody0 30 6015
Kilometers 24
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Variables

• Average elevation
• SD of elevation
• Area of rice paddy
• Area of water body
• Human footprint index
• Population density
• GDP
• Temperature
• Precipitation
• Area of the watershed

In every watersheds

25
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Variable standardization

sheds  <‐ read.csv('d:/text/ibis_Bayes/watersheds4.csv',  header=TRUE) #read data

elev <‐ as.vector(scale(sheds[, "elev"],          center=TRUE)) #elevation
elev.sd <‐ as.vector(scale(sheds[, "elev.SD"],    center=TRUE)) #variance of elevation
foot <‐ as.vector(scale(sheds[, "footprint"], center=TRUE)) #Human Footprint Index
foot2    <‐ foot*foot #The square term
elev2    <‐ elev*elev #The square term
precip <‐ as.vector(scale(sheds[, "precip"],  center=TRUE)) #Precipitation
T <‐ as.vector(scale(sheds[, "T"],           center=TRUE)) #Temperature
pop      <‐ as.vector(scale(sheds[, "pop"],      center=TRUE)) #human population density
paddy  <‐ as.vector(scale(sheds[, "paddy"],  center=TRUE)) #area of rice paddy
water   <‐ as.vector(scale(sheds[, "water"],   center=TRUE)) #area of water body (pond and river)

wetland  <‐ as.vector(scale(sheds[, "paddy"] * sheds[, "water"],  center=TRUE))#interaction term

Variable wetland is the product of paddy and waterbody.

27
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Variable selection using Generalized additive model 
(GAM)

Xs <‐ c("elev", "elev.SD", "footprint", "GDP", "population", "precip",  
"paddy", "waterbody", "wetland", "temperature")

From the full model, select models with 2‐5 variables
Based on: deviance explained and GCV (Generalized Cross Validation)

28

library(mgcv)
model = gam(log(count + 1) ~ s(x1) + s(x2) +…+ s(x10), data = sheds)
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WinBUGS codelibrary(R2WinBUGS)
# Write WinBUGS code
sink("d:/text/ibis/ibis.txt")
cat("
model{

for(i in 1:nsites){
logit(p[i])   <- a0 + a1*foot[i] + a2*foot2[i]   #detection rate
logit(psi[i]) <- b0 + b1*wet[i]  + b2*precip[i]  #rate of occurrence
z[i]   ~  dbin(psi[i],1)    #1=presence, 0=absence
tmp[i] <- z[i]*p[i]         #rate of recording
y[i]   ~  dbin(tmp[i],J[i]) #number of recording

}
a0 ~ dnorm(0,.001)
a1 ~ dnorm(0,.001)
a2 ~ dnorm(0,.001)
b0 ~ dnorm(0,.001)
b1 ~ dnorm(0,.001)
b2 ~ dnorm(0,.001)
logit(psi0) <- b0 #截距对应的 p值要指定,或者直接给初始值
logit(p0) <- a0 #同上
}
",fill=TRUE)
sink()

data <- list ( "y","J","nsites","foot","foot2","wet","precip")
inits <- function()

list(z=rbinom(nsites,1,.4),a0=rnorm(1),a1=rnorm(1),a2=rnorm(1),
b0=rnorm(1),b1=rnorm(1),b2=rnorm(1))

parameters <- c("a0","a1", "a2","b0","b1","b2","psi0","p0")

out <- bugs(data, inits, parameters, "d:/text/ibis/ibis.txt",
n.chain=3, n.burnin=1000, n.iter=10000, debug=T,
bugs.directory = "d:/softwares/WinBUGS14/") 29
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WinBUGS code
朱鹮选择集水区i 作巢址的概率：

logit(psi[i]) <- b0 + b1*wetland[i] + b2*precipitation[i] 

每个朱鹮巢址在集水区i 被发现的概率：

logit(p[i])   <- a0 + a1*footprint[i] + a2*footprint2[i]

朱鹮是否选择集水区i 作巢址:
z[i] ~ dbin(psi[i], 1)     #1=presence, 0=absence

在集水区i 记录到朱鹮巢址的概率:
tmp[i] <- z[i]*p[i]

朱鹮巢址在集水区 i 的记录数(J[i]为在集水区 i 的调查次数)：
y[i] ~ dbin(tmp[i], J[i])

30
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Parameter estimation using MCMC

a0 chains 1:3

iteration
39 100 200 300

    1.0
   1.25
    1.5
   1.75
    2.0
   2.25

a1 chains 1:3

iteration
39 100 200 300

   -0.5

    0.0

    0.5

    1.0

    1.5

a2 chains 1:3

iteration
39 100 200 300

   -1.5

   -1.0

   -0.5

    0.0

31

b0 chains 1:3

iteration
39 100 200 300

   -4.0

   -3.0

   -2.0

   -1.0

    0.0

b1 chains 1:3

iteration
39 100 200 300

   -1.0

    0.0

    1.0

    2.0

b2 chains 1:3

iteration
39 100 200 300

   -6.0

   -4.0

   -2.0

    0.0



第六届中国 R语言会议 (北京) 贝叶斯分级模型 Bayesian hierarchical modeling 李欣海

/ 32

Parameter estimation
node mean sd MC error 2.50% median 97.50%

a0 1.531 0.1484 0.005556 1.256 1.533 1.836

a1_footprint 0.5567 0.2303 0.00751 0.129 0.5492 1.029

a2_footprint2 -0.7765 0.18 0.006249 -1.129 -0.7768 -0.4362

b0 -1.924 0.4737 0.01423 -2.897 -1.893 -1.062

b1_wetland 0.5695 0.295 0.008542 0.02534 0.5557 1.207

b2_precipitation -2.272 0.701 0.02063 -3.78 -2.222 -1.033

32
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