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1 Abstract

baystability fits the linear-bilinear models of a multi-environment trial,
AMMI and SREG (GGE), by the general Bayesian method of Perez-Elizalde
et al. (2012). Its distinctive feature is that the data of an earlier trial can be
the prior. This vignette analyses the second year of a maize trial with the first
year as prior, from the data to the biplot with highest posterior density (HPD)
regions and a written interpretation.

2 The data

cultivo2008 and cultivo2009 hold the grain yield (kg/ha) of 12 maize hy-
brids in the same 25 environments in two consecutive years, three replicates per
environment.



data(cultivo2008)
data(cultivo2009)
str(cultivo2009)

Classes 'tbl_df', 'tbl' and 'data.frame': 900 obs. of 4 variables:
$ site : int 1111111111 ...
$ entry: int 2 2 2 10 10 10 12 12 12 13 ...
$rep :int 1231231231 ...
$vy : num 5079 4899 5296 5353 4353 ...
- attr(*, "spec")=List of 2
..$ cols :List of 4
..$ site : list()
.. ..— attr(*, "class")= chr [1:2] "collector_integer" "collector"
..$ entry: 1list()
.. ..— attr(*, "class")= chr [1:2] "collector_integer" "collector"
..$ rep : 1listQ)
.. ..— attr(*, "class")= chr [1:2] "collector_integer
%y : list()
.. ..— attr(*, "class")= chr [1:2] "collector_double" "collector"
..$ default: 1list()
..— attr(*, "class")= chr [1:2] "collector_guess" "collector"
..— attr(x, "class")= chr "col_spec"

" "collector"

m08 <-
bys_ls_means(
.data = cultivo2008

s oY =Yy
, .gen = entry
, .env = site
)

m09 <-

bys_ls_means(
.data = cultivo2009

bl 'y =y
, -gen = entry
, .env = site

)
c(year_2008 = m08%grand_mean, year_2009 = m09$grand_mean)

year_2008 year_2009
4069.25  3627.30

3 The least-squares AMMI fit of the second year

1s09 <-
bys_ls_ammi (



.data = cultivo2009
s -Y =5
, .gen = entry
, .env = site
, .rep = rep
)
round (1s09$1lambdas)

[1] 5204 3886 3740 2777 2704 2106 1882 1875 1363 974 828

4 The Bayesian fit with the first year as prior

.prior_data makes the first year the prior. Its cell means, effects and singular
value decomposition become the prior means, and its replicates set the prior’s
weight. All 11 bilinear terms are fitted, as in the paper.

fm <-
bayes_ammi (
.data = cultivo2009
s Y =Y
, .gen = entry
, .env = site
, .Trep = rep
, .nlter = 3000
, .prior_data = cultivo2008
, .n0 = NULL
, .model = "AMMI"
, .k = NULL
, .burnin = 1000
, .thin =1
, .chains =2
, .priors = bys_priors(
mu_mean =0
, mu_var = le+8
, tau_mean =0
, tau_var = le+8
, delta_mean = 0
, delta_var = le+8
, lambda_mean = 0
, lambda_var = 1le+8
, nu =1
, S2 = NULL
)
, .level = 0.95
, .seed = 2012
, .align = TRUE
, .waic = TRUE
)



fm

Bayesian AMMI with 11 multiplicative term(s), an earlier trial as prior (n0 = 3): 12 genoty]
2 chain(s) x 3000 kept draws (iterations 3000 after a burn-in of 1000, thinning 1); 20.7 s

Posterior means, standard deviations and 95% HPD intervals

parameter mean sd lower upper ess rhat

1: mu 3.848e+03 30.84 3.788e+03 3909.10 6000 1.0004

2: sigma2 1.706e+06 102595.88 1.500e+06 1902118.29 5065 1.0001

3: tau[2] 1.385e+02 102.66 -6.016e+01 343.01 5928 1.0000

4: tau[10] 3.150e+02 102.00 1.193e+02 516.39 6000 1.0002

5: taul[12] -6.541e+01 101.31 -2.639e+02 127.27 6000 1.0000

6: tau[13] 3.897e+00 103.13 -1.991e+02 203.86 6000 1.0006

7: taul[14] 9.184e+01 102.17 -9.650e+01 299.98 5570 1.0001

8: tau[18] 1.810e+02 102.55 -1.626e+01 383.77 6000 0.9999

9: tau[19] 4.996e+02 101.18 3.126e+02 707.41 6246 0.9999

10: tau[20] 6.342e+01 100.91 -1.294e+02 255.15 5935 1.0004
11: tau[23] 1.301e+02 102.40 -7.982e+01 325.94 6315 1.0008
12: tau[38] -4.795e+02 100.72 -6.765e+02 -278.36 6000 1.0007
13: tau[40] -2.690e+02 99.80 -4.686e+02 -77.45 6344 1.0009
14: tau[42] -6.095e+02 102.45 -8.098e+02 -410.13 6350 1.0001
15: delta[1] 1.350e+02 151.97 -1.575e+02 437.57 6000 0.9999
16: delta[2] -5.337e+02 150.31 -8.191e+02 -233.27 5795 1.0005
17: deltal[3] 8.640e+02 150.23 5.700e+02 1155.57 6000 1.0001
18: delta[4] -3.791e+02 151.00 -6.818e+02 -91.77 6438 1.0013
19: delta[5] 1.536e+03 150.19 1.244e+03 1825.85 5777 1.0001
20: deltal6] -9.394e+01 149.52 -3.948e+02 187.71 6000 1.0005
21: delta[7] -1.758e+03 151.60 -2.049e+03  -1458.08 6008 0.9999
22: delta[8] 3.494e+02 150.31 7.016e+01 653.61 6000 0.9998
23: deltal[9] -1.470e+03 150.23 -1.769e+03 -1176.59 6000 0.9999
24: deltal10] -7.455e+02 150.49 -1.034e+03 -451.59 5832 1.0011
25: deltal11] -1.201e+03 152.29 -1.498e+03 -903.16 6345 0.9999
26: delta[12] -1.898e+03 151.48 -2.189e+03  -1594.39 6000 1.0010
27: delta[13] -9.718e+02 149.43 -1.274e+03 -692.23 5846 0.9998
28: deltal14] -5.480e+02 152.48 -8.510e+02 -254.93 6486 0.9999
29: deltal15] -2.217e+03 151.29 -2.499e+03 -1909.66 6000 1.0001
30: deltal[16] 8.789e+01 150.10 -1.945e+02 390.06 6000 1.0000
31: deltal[17] 1.614e+02 151.57 -1.213e+02 468.89 6000 1.0001
32: delta[18] 1.847e+03 150.93 1.557e+03 2142.30 6466 1.0000
33: deltal[19] -8.709e+02 152.31 -1.160e+03 -571.73 5515 0.9999
34: deltal[20] -1.107e+03 150.48 -1.412e+03 -826.50 6252 1.0003
35: deltal[21] -1.626e+03 148.12 -1.923e+03  -1347.45 6000 1.0000
36: deltal[22] 4.916e+03 149.92 4.623e+03 5210.92 6000 1.0000
37: delta[23] 2.864e+03 151.28 2.573e+03 3165.14 5842 1.0002
38: delta[24] 9.092e+02 152.43 6.262e+02 1223.49 6174 1.0001



39: delta[25] 1.751e+03 149.24 1.465e+03 2047.70 6213 1.0000
40: 1lambdal[1] 3.661e+03 396.47 2.890e+03 4423.81 1896 1.0031
41: lambda[2] 3.282e+03 351.23 2.592e+03 3960.18 1592 1.0048
42: lambda[3] 2.824e+03 315.66 2.213e+03 3459.26 1263 1.0031
43: lambdal[4] 2.497e+03 296.18 1.887e+03 3034.47 1115 1.0072
44: lambda[5] 2.220e+03 293.18 1.673e+03 2813.96 1181 1.0078
45: lambda[6] 1.856e+03 290.89 1.330e+03 2465.47 1281 1.0049
46: lambda[7] 1.543e+03 287.07 9.980e+02 2130.61 1071 1.0019
47: lambda[8] 1.255e+03 285.40 7.048e+02 1809.30 1057 1.0014
48: lambdal[9] 9.527e+02 281.26 4.186e+02 1493.19 1090 1.0015
49: lambda[10] 6.550e+02 275.04 1.342e+02 1175.43 1502 1.0008
50: lambda[11] 3.322e+02 234.67 4.233e-01 778.02 2524 1.0013

parameter mean sd lower upper ess rhat

Scores of the bilinear terms: x$summary (blocks alpha, gamma); biplot coordinates: x$scores

Sources: Perez-Elizalde et al. (2012); Crossa et al. (2011); Hoff (2009);
Spiegelhalter et al. (2002); Watanabe (2010). Full references: bys_cite(x).

The posterior mean of the overall mean, 3848, lies between the two yearly means
(4069 and 3627). The prior counts as much as the data, because both years have
three replicates.

plot(x = fm, which = "trace", pars = c("mu", "sigma2", "lambda[1]",
« "lambda[2]"))



Traces of the Markov chains
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5 The biplot with HPD regions

bp <-
bayes_ammi_biplot(
fit = fm

, burnin =0
, thin =1
, pb = c(0.10, 0.05)
, plot_stable = FALSE
, plot_unstable = TRUE
, ncolors =5
, -which = "both"
, .grid = 100
)

bp$biplot



Bayesian AMMI biplot with highest posterior density regions
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Only genotypes and environments whose HPD region excludes the origin are
drawn with their regions: they interact significantly on the first two terms.

6 Interpretation

bys_interpret(

X = fm
, higher_better = TRUE
, top =5

)
Bayesian AMMI analysis

11 bilinear term(s): lambda_1 = 3,661, lambda_2 = 3,282; the chains have
converged.

Findings:

- The chains have converged by the criteria of Crossa et al. (2011) (largest
potential scale reduction factor 1.008); the smallest effective sample size
of the main parameters is 1,060.

- 3 of 198 Heidelberger-Welch stationarity and half-width tests failed (about
5% fail by chance at level 0.05).

- Overall mean 3,848 (95% HPD 3,788 to 3,909); error variance 1,706,000, a
coefficient of variation of 33.97%.

- Genotypes significantly above average (HPD of the effect excludes zero): 10
and 19; below average: 38, 40 and 42.

- Environments with significantly high means: 3, 5, 8, 18, 22 and 3 more;



low: 2, 4, 7, 9, 10 and 8 more.

Singular values with 95 HPD intervals: lambda_1 = 3,661 (2,890 to 4,424);
lambda_2 = 3,282 (2,592 to 3,960); lambda_3 = 2,824 (2,213 to 3,459);
lambda_4 = 2,497 (1,887 to 3,034); lambda_5 = 2,220 (1,673 to 2,814);
lambda_6 = 1,856 (1,330 to 2,465); lambda_7 = 1,543 (998 to 2,131);
lambda_8 = 1,255 (704.8 to 1,809); lambda_9 = 952.7 (418.6 to 1,493);
lambda_10 = 655 (134.2 to 1,175); lambda_11 = 332.2 (0.4233 to 778).

On the first bilinear term, genotypes with significantly positive scores:
10, 20 and 42; negative: 2, 12 and 19.

Environments with significantly positive first scores: 5 and 25; negative:
4 and 9.

Genotypes and environments with significant first scores of the same sign
interact positively: the genotype yields more there than its main effect
predicts; of opposite sign, less.

Recommendations:

Recommend the genotypes with significant first scores for the environments
whose scores have the same sign (bayes_ammi_biplot() shows the regions).
Draw bayes_ammi_biplot() to see which genotypes and environments form
homogeneous groups (overlapping HPD regions).

Cautions:

The HPD interval of lambda_11 reaches down to near zero: the term is weakly
supported and its scores are uncertain.

Sources:

Perez-Elizalde, S., Jarquin, D. and Crossa, J. (2012). A general Bayesian
estimation method of linear-bilinear models applied to plant breeding
trials with genotype x environment interaction. Journal of Agricultural,
Biological, and Environmental Statistics, 17(1), 15-37.
doi:10.1007/s13253-011-0063-9

Crossa, J., Perez-Elizalde, S., Jarquin, D., Cotes, J. M., Viele, K., Liu,
G. and Cornelius, P. L. (2011). Bayesian estimation of the additive main
effects and multiplicative interaction model. Crop Science, 51(4),
1458-1469. doi:10.2135/cropsci2010.06.0343

Hoff, P. D. (2009). Simulation of the matrix Bingham-von Mises-Fisher
distribution, with applications to multivariate and relational data.
Journal of Computational and Graphical Statistics, 18(2), 438-456.
doi:10.1198/jcgs.2009.07177

Spiegelhalter, D. J., Best, N. G., Carlin, B. P. and van der Linde, A.
(2002) . Bayesian measures of model complexity and fit. Journal of the Royal
Statistical Society B, 64(4), 583-639. doi:10.1111/1467-9868.00353
Watanabe, S. (2010). Asymptotic equivalence of Bayes cross validation and
widely applicable information criterion in singular learning theory.
Journal of Machine Learning Research, 11, 3571-3594.



7 Where to go next

o Vignette 2 gives the model, the priors from an earlier trial and the sampler.

o Vignette 3 reproduces the published analysis of these data.

o Vignette 4 fits the SREG (GGE) model and chooses the number of terms.

o Vignette 5 lists the corrections to version 0.2.0 and the checks of the
sampler.
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