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aastveit.barley Barley heights and environmental covariates in Norway
Description

Average height for 15 genotypes of barley in each of 9 years. Also 19 covariates in each of
the 9 years.

Usage

data("aastveit.barley.covs")
data("aastveit.barley.height")

Format

The ’aastveit.barley.covs’ dataframe has 9 observations on the following 20 variables.

year year

R1
R2
R3
R4
R5
R6
S1

avg rainfall (mm/day) in period 1
avg rainfall (mm/day) in period 2
avg rainfall (mm/day) in period 3
avg rainfall (mm/day) in period 4
avg rainfall (mm/day) in period 5
avg rainfall (mm/day) in period 6

daily solar radiation (ca/cm™2) in period 1
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82 daily solar radiation (ca/cm™2) in period 2
83 daily solar radiation (ca/cm™2) in period 3
S4 daily solar radiation (ca/cm™2) in period 4
S5 daily solar radiation (ca/cm™2) in period 5
86 daily solar radiation (ca/cm™2) in period 6
ST sowing time, measured in days after April 1
T1 avg temp (deg Celsius) in period 1
T2 avg temp (deg Celsius) in period 2
T3 avg temp (deg Celsius) in period 3

( )

( )

T4 avg temp (deg Celsius) in period 4

T5 avg temp (deg Celsius) in period 5
( )

T6 avg temp (deg Celsius) in period 6
The ’aastveit.barley.height’ dataframe has 135 observations on the following 3 variables.

year year, 9 years spanning from 1974 to 1982
gen genotype, 15 levels
height height (cm)

Details

Experiments were conducted at As, Norway.

The height dataframe contains average plant height (cm) of 15 varieties of barley in each
of 9 years.

The growth season of each year was divided into eight periods from sowing to harvest.
Because the plant stop growing about 20 days after ear emergence, only the first 6 periods
are included here.

Used with permission of Harald Martens.

Source

Aastveit, A. H. and Martens, H. (1986). ANOVA interactions interpreted by partial least
squares regression. Biometrics, 42, 829-844. https://doi.org/10.2307/2530697

References

J. Chadoeuf and J. B. Denis (1991). Asymptotic variances for the multiplicative interaction
model. J. App. Stat., 18, 331-353. https://doi.org/10.1080,/02664769100000032
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Examples

## Not run:

library(agridat)
data("aastveit.barley.covs")
data("aastveit.barley.height")

libs(reshape2, pls)
# First, PCA of each matrix separately

Z <- acast(aastveit.barley.height, year ~ gen, value.var="height")
Z <- sweep(Z, 1, rowMeans(Z))
Z <- sweep(Z, 2, colMeans(Z)) # Double-centered
sum(Z"2)*4 # Total SS = 10165
sv <- svd(Z)$d
round (100 * sv~2/sum(sv~2),1) # Prop of variance each axis
# Aastveit Figure 1. PCA of height
biplot (prcomp(Z),
main="aastveit.barley - height", cex=0.5)

U <- aastveit.barley.covs

rownames (U) <- U$year

U$year <- NULL

U <- scale(U) # Standardized covariates
sv <- svd(U)$d

# Proportion of variance on each axis
round (100 * sv~2/sum(sv”2),1)

# Now, PLS relating the two matrices

ml <- plsr(Z~U)

loadings(m1)

# Aastveit Fig 2a (genotypes), but rotated differently
biplot(ml, which="y", var.axes=TRUE)

# Fig 2b, 2c (not rotated)

biplot(ml, which="x", var.axes=TRUE)

Adapted from section 7.4 of Turner & Firth,

"Generalized nonlinear models in R: An overview of the gnm package"
who in turn reproduce the analysis of Chadoeuf & Denis (1991),
"Asymptotic variances for the multiplicative interaction model"

H OB H

libs(gnm)
dath <- aastveit.barley.height
dath$year = factor(dath$year)

set.seed(42)

m2 <- gnm(height ~ year + gen + Mult(year, gen), data = dath)

# Turner: "To obtain parameterization of equation 1, in which sig_k is the

# singular value for component k, the row and column scores must be constrained
# so that the scores sum to zero and the squared scores sum to one.

# These contrasts can be obtained using getContrasts"

11
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gamma <- getContrasts(m2, pickCoef(m2, "[.]y"),

ref = "mean", scaleWeights = "unit")
delta <- getContrasts(m2, pickCoef(m2, "[.]lg"),
ref = "mean", scaleWeights = "unit")

# estimate & std err
gamma <- gamma$qvirame
delta <- delta$qvframe
# change sign of estimate
gammal[,1] <- -1 * gammal[,1]
deltal,1] <- -1 * deltal,1]
# conf limits based on asymptotic normality, Chadoeuf table 8, p. 350,
round(cbind(gammal[,1], gammal, 1] +
outer(gammal, 2], c(-1.96, 1.96))) ,3)
round(cbind(deltal,1], deltal, 1] +
outer(deltal, 2], c(-1.96, 1.96))) ,3)

## End (Not run)

acorsi.grayleafspot  Multi-environment trial evaluating 36 maize genotypes in 9 loca-
tions

Description

Multi-environment trial evaluating 36 maize genotypes in 9 locations

Usage

data("acorsi.grayleafspot")

Format

A data frame with 324 observations on the following 3 variables.

gen genotype, 36 levels
env environment, 9 levels
rep replicate, 2 levels

y grey leaf spot severity

Details

Experiments conducted in 9 environments in Brazil in 2010-11. Each location had an RCB
with 2 reps.

The response variable is the percentage of leaf area affected by gray leaf spot within each
experimental unit (plot).

Acorsi et al. use this data to illustrate the fitting of a generalized AMMI model with
non-normal data.
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Source

C. R. L. Acorsi, T. A. Guedes, M. M. D. Coan, R. J. B. Pinto, C. A. Scapim, C. A. P.
Pacheco, P. E. O. Guimaraes, C. R. Casela. (2016). Applying the generalized additive main
effects and multiplicative interaction model to analysis of maize genotypes resistant to grey
leaf spot. Journal of Agricultural Science. https://doi.org/10.1017/50021859616001015

Electronic data and R code kindly provided by Marlon Coan.

References

None

Examples

## Not run:

library(agridat)
data(acorsi.grayleafspot)
dat <- acorsi.grayleafspot

# Acorsi figure 2. Note: Acorsi used cell means
op <- par(mfrow=c(2,1), mar=c(5,4,3,2))
libs(lattice)
boxplot(y ~ env, dat, las=2,

xlab="environment", ylab="GLS severity")
title("acorsi.grayleafspot")
boxplot(y ~ gen, dat, las=2,

xlab="genotype", ylab="GLS severity")
par (op)

# GLM models

glm main-effects model with logit u(i-u) and wedderburn u~2(1-u)~2
variance functions

glml <- glm(y~ env/rep + gen + env, data=dat, family=quasibinomial)
glm2 <- glm(y~ env/rep + gen + env, data=dat, family=wedderburn)
plot(glm2, which=1); plot(glm2, which=2)

H OH OH HH

# GAMMI models of Acorsi. See also section 7.4 of Turner
# "Generalized nonlinear models in R: An overview of the gnm package"

# full gnm model with wedderburn, seems to work

libs(gnm)

set.seed(1)

gnml <- gnm(y ~ env/rep + env + gen + instances(Mult(env,gen),2),
data=dat,
family=wedderburn, iterMax =800)

deviance(gnml) # 433.8548

# summary(gnml)

# anova(gnml, test ="F") # anodev, Acorsi table 4

## Df Deviance Resid. Df Resid. Dev F Pr(>F)

## NULL 647 3355.5
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## env 8 1045.09 639 2310.4 68.4696 < 2.2e-16 **x*
## env:rep 9 12.33 630 2298.1 0.7183 0.6923

## gen 35 1176.23 595 1121.9 17.6142 < 2.2e-16 **x*
## Mult(env, gen, inst = 1) 42 375.94 553 745.9 4.6915 < 2.2e-16 **x

## Mult(env, gen, inst 2) 40 312.06 513 433.9 4.0889 3.712e-14 **x

# maybe better, start simple and build up the model
gnm2a <- gnm(y ~ env/rep + env + gen,

data=dat,

family=wedderburn, iterMax =800)

# add first interaction term

res2a <- residSVD(gnm2a, env, gen, 2)

gnm2b <- update(gnm2a, . ~ . + Mult(env,gen,inst=1),
start = c(coef(gnm2a), res2al, 1]))

deviance(gnm2b) # 692.19

# add second interaction term

res2b <- residSVD(gnm2b, env, gen, 2)

gnm2c <- update(gnm2b, . ~ . + Mult(env,gen,inst=1) + Mult(env,gen,inst=2),
start = c(coef(gnm2a), res2al, 1], res2b[,1]))

deviance(gnm2c) # 433.8548

# anova(gnm2c) # weird error message

# note, to build the ammi biplot, use the first column of res2a to get

# axis 1, and the FIRST column of res2b to get axis 2. Slightly confusing
emat <- cbind(res2a[1:9, 1], res2b[1:9, 1])

rownames (emat) <- gsub("facl.", "", rownames(emat))

gmat <- cbind(res2a[10:45, 1], res2b[10:45, 1])
rownames (gmat) <- gsub("fac2.", "", rownames(gmat))

# match Acorsi figure 4

biplot(gmat, emat, xlim=c(-2.2, 2.2), ylim=c(-2.2, 2.2), expand=2, cex=0.5,
xlab="Axis 1", ylab="Axis 2",
main="acorsi.grayleafspot - GAMMI biplot")

## End (Not run)

adugna.sorghum Multi-environment trial of sorghum at 8 locations across 5 years

Description

Multi-environment trial of sorghum at 3 locations across 5 years

Format

A data frame with 289 observations on the following 6 variables.



adugna.sorghum 15

gen genotype, 28 levels
trial trial, 2 levels

env environment, 13 levels
yield yield kg/ha

year year, 2001-2005

loc location, 3 levels

Details
Sorghum yields at 3 locations across 5 years. The trials were carried out at three locations
in dry, hot lowlands of Ethiopia:
Melkassa (39 deg 21 min E, 8 deg 24 min N)
Mieso (39 deg 22 min E, 8 deg 41 min N)
Kobo (39 deg 37 min E, 12 deg 09 min N)
Trial 1 was 14 hybrids and one open-pollinated variety.
Trial 2 was 12 experimental lines.

Used with permission of Asfaw Adugna.

Source

Asfaw Adugna (2008). Assessment of yield stability in sorghum using univariate and mul-
tivariate statistical approaches. Hereditas, 145, 28-37. https://doi.org/10.1111/j.0018-
0661.2008.2023.x

Examples

## Not run:

library(agridat)
data(adugna.sorghum)
dat <- adugna.sorghum

libs(lattice)

redblue <- colorRampPalette(c("firebrick", "lightgray", "#375997"))

levelplot(yield ~ env*gen, data=dat, main="adugna.sorghum gxe heatmap",
col.regions=redblue)

# Genotype means match Adugna
tapply(dat$yield, dat$gen, mean)

# CV for each genotype. G1..G15 match, except for G2.

# The table in Adugna scrambles the means for G16..G28

libs(reshape2)

mat <- acast(dat, gen~env, value.var='yield')

round(sqrt(apply(mat, 1, var, na.rm=TRUE)) / apply(mat, 1, mean, na.rm=TRUE) * 100,2)

# Shukla stability. G1..G15 match Adugna. Can't match G16..G28.
datl <- droplevels(subset(dat, trial=="T1"))
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matl <- acast(datl, gen~env,

value.var='yield')

<- matl; k=15; n=8 # k=p gen, n=q env

W
w <- sweep(w, 1, rowMeans(matl, na.rm=TRUE))
w <- sweep(w, 2, colMeans(matl, na.rm=TRUE))
w <- w + mean(matl, na.rm=TRUE)
w <- rowSums(w~2, na.rm=TRUE)

agridat

sig2 <- kxw/((k-2)*(n-1)) - sum(w)/((k-1)*(k-2)*(n-1))
round(sig2/10000,1) # Genotypes in T1 are divided by 10000

## End(Not run)

agridat Datasets from agricultural experiments

Description

This package contains datasets from publications relating to agriculture, including field

crops, tree crops, animal studies, and a few others.

Detalils

If you use these data, please cite both the agridat package and the original source of the

data.

Abbreviations in the ’other’ column include: xy = coordinates, pls = partial least squares,
rsm = response surface methodology, row-col = row-column design, ts = time series,

Uniformity trials with a single genotype

name
ansari.wheat.uniformity
bailey.cotton.uniformity
baker.barley.uniformity
baker.strawberry.uniformity
baker.wheat.uniformity
bancroft.peanut.uniformity
batchelor.apple.uniformity
batchelor.lemon.uniformity
batchelor.navell.uniformity
batchelor.navel2.uniformity
batchelor.valencia.uniformity
batchelor.walnut.uniformity
bose.multi.uniformity
bradley.multi.uniformity
bryan.corn.uniformity
christidis.cotton.uniformity
christidis.wheat.uniformity
coombs.rice.uniformity

dimensions
96 x 8
8 x 20
3x19
10 x 50
12 x 12
6 x 18
8 x 28
14 x 16
20 x 50
15 x 33
12 x 20
10 x 28
15 x 26
10 x 11
6 x 48
16 x 16
12 x 24
3 x 18

other model
Xy

Xy, b envts
xy, 10 years
Xy

Xy

xy, 2 blocks
Xy

Xy

Xy

Xy

Xy

Xy

Xy, 3 years
Xy

Xy

xy, 4 blocks
Xy

Xy
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dasilva.soybean.uniformity
davies.pasture.uniformity
day.wheat.uniformity
draper.safflower.uniformity
eden.tea.uniformity
evans.sugarcane.uniformity
forster.wheat.uniformity
garber.multi.uniformity
gomez.rice.uniformity
goulden.barley.uniformity
hansen.multi.uniformity

haritonenko.sugarbeet.uniformity

harris.multi.uniformity
hartman.tomato.uniformity
heath.cabbage.uniformity
heath.radish.uniformity
holtsmark.timothy.uniformity
igue.sugarcane.uniformity
immer.sugarbeet.uniformity
iyer.wheat.uniformity
jones.corn.uniformity
jegorow.oats.uniformity
jurowski.wheat.uniformity
kadam.millet.uniformity
kalamkar.potato.uniformity
kalamkar.wheat.uniformity
kempton.barley.uniformity
kerr.sugarcane.uniformity
khan.brassica.uniformity
khin.rice.uniformity
kiesselbach.oats.uniformity
kristensen.barley.uniformity
kulkarni.sorghum.uniformity
lander.multi.uniformity
laycock.tea.uniformity
lehmann.millet.uniformity
lessman.sorghum.uniformity
li.millet.uniformity
loesell.bean.uniformity
lord.rice.uniformity
love.cotton.uniformity
lyon.potato.uniformity

magistad.pineapple.uniformity

masood.rice.uniformity
mckinstry.cotton.uniformity
mercer.mangold.uniformity
mercer.mangold.uniformity
mercer.wheat.uniformity

24 x 48
19 x 40
31 x 100
18 x 16
12 x 12
142 x5
10 x 16
6 x 45
18 x 36
48 x 48
6x95,16x8
4 x 104
2x 23
12 x 32
6x8
10 x 10
6 x 40
36 x 42
10 x 60
25 x 80
12 x 12
8 x 30
4 x 40
8 x 20
6 x 96
16 x 80
7 x 28
12 x 12
18 x 18
30 x 36
3 x 69
22 x 11
4 x 40
5x 39
6x9
6 x 22
46 x 60
6 x 100
21 x 90
5x 14
16 x 10
34 x 6
5XH
12 x 24
24 x 20
10 x 20
10 x 20
25 x 20

Xy

Xy

Xy

xy, 2 expt
Xy

Xy

Xy

Xy, b years/crops
Xy

Xy

xy, 4-5 yr
Xy

xy, 23 crops
Xy

Xy

Xy

Xy

Xy

xy, 3 traits, 2 yr
Xy

Xy

Xy

Xy

Xy, 2 expts
Xy

xy, 2 traits
Xy

Xy

xy, 2 fields
Xy

Xy

Xy

Xy, 3 years
xy, 4 years
xy, 2 locations
Xy, 3 years
Xy

Xy

Xy

xy, 8 fields
Xy

Xy

Xy

Xy

Xy

Xy

Xy

xy, 2 traits

smith

aov,smith
splom

corrgram

, 4 fields

spplot

17
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montgomery.wheat.uniformity 14 x 16 Xy, 2 years Im
moore.polebean.uniformity 12 x 12 Xy
moore.bushbean.uniformity 24x24 Xy
moore.sweetcorn.uniformity 24 x 12 Xy

moore.carrot.uniformity 24 x 12 Xy
moore.springcauliflower.uniformity 12 x 20 Xy
moore.fallcauliflower.uniformity 12 x 20 Xy
nagai.strawberry.uniformity 18x 24 Xy
nagai.strawberry.uniformity 18 x 24 xy

nair.turmeric.uniformity 72 x 12 Xy
narain.sorghum.uniformity 10 x 16 Xy
nonnecke.peas.uniformity 15 x 18 xy, 2 traits
nonnecke.sweetcorn.uniformity 32x 18 xy, 3 loc
obsi.potato.uniformity 63 x26,49x19 xy
odland.soybean.uniformity 25 x 42 xy
odland.soyhay.uniformity 28 x 55 Xy

paez.coffee.uniformity 32 x 36 Xy, 5 yr
panse.cotton.uniformity 32 x 40 Xy
parker.orange.uniformity 10 x 27 xy, 6 yr
piepho.barley.uniformity 30 x 36 xy
polson.safflower.uniformity 52 x 33 Xy smith
robinson.peanut.uniformity 16 x 36 Xy
roemer.sugarbeet.uniformity 2 x 48 Xy
saunders.maize.uniformity 5 x 300 Xy, 2 year
sawyer.multi.uniformity 8x6 xy, 3 year
sayer.sugarcane.uniformity 8 x 136, 8 x 121  xy, 2 year
shafi.tomato.uniformity 10 x 20 Xy

siao.cotton.uniformity 12 x 22 Xy

smith.beans.uniformity 18 x 12,16 x 15  xy, 2 yr, 2 crops
smith.corn.uniformity 6 x 20 xy, 3 years rgl
smith.wheat.uniformity 36 x 30 xy, 2 traits
stephens.sorghum.uniformity 100 x 20 xy
stickler.sorghum.uniformity 20 x 20 xy, 4 expts, 2 years
strickland.apple.uniformity 11 x 18 xy
strickland.grape.uniformity 5x 31 Xy
strickland.peach.uniformity 8 x 18 xy
strickland.tomato.uniformity 30x6 Xy
summerby.multi.uniformity 30x 5 Xy 5 years
tulaikow.wheat.uniformity 24 x 10,15 x 16 xy 5 years
wassom.brome.uniformity 36 x 36 xy, 3 expts
wiebe.wheat.uniformity 12 x 125 xy medianpolish, loess
wiedemann.safflower.uniformity 54 x 33 Xy smith
williams.barley.uniformity 48 x 15 Xy loess
williams.cotton.uniformity 24 x 12 Xy loess
wyatt.multi.uniformity 43 x 3 Xy

Yield monitor
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name

reps

gartner.corn
lasrosas.corn 3

kayad.alfalfa
Animals
name gen
alwan.lamb 34
becker.chicken 5,12
crampton.pig
brandt.switchback 10
depalluel.sheep 4
diggle.cow
foulley.calving
goulden.eggs
harvey.lsmeans 3,3
harville.lamb )
henderson.milkfat
holland.arthropods 5
ilri.sheep 4
kenward.cattle
lucas.switchback 12
mead.lamb 3
patterson.switchback 12
urquhart.feedlot 11
woodman.pig
zuidhof.broiler
Trees
name gen loc
box.cork
devries.pine
harris.wateruse 2
hanover.whitepine 7*4
johnson.douglasfir
lavoranti.eucalyptus 70 7
pearce.apple
williams.trees 37 6

Field and horticulture crops

name
acorsi.grayleafspot
adugna.sorghum

gen loc
36 9
28 13

years trt other model
Xy,ym
2 6 xy,ym lm
4 Xy,ym
years trt other model
2 ordinal clmm
heritability =~ Imer
5 2 cov Im
2 aov
4 latin
4 ts
ordinal polr
controlchart
Im
Imer
nls,lm,glm,gam
6 diallel lmer, asreml
2 asreml
3 aov
3 glm
4 aov
3 Im
3 cov Im
ts
reps years trt other model
repeated radial, asreml
4 3,3 Xy,graeco aov
2 repeated asreml,lme
4 heritability Imer
Xy
svd
4 6 cov Im,Imer
2
reps years trt other
2 ) nonnormal
5

19
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aastveit.barley
allcroft.lodging
archbold.apple
ars.earlywhitecorn96
australia.soybean
bachmaier.nitrogen
barrero.maize
battese.survey
beall.webworms
beaven.barley
belamkar.augmented
besag.bayesian
besag.beans
besag.checks
besag.elbatan
besag.endive
besag.met
besag.triticale
bliss.borers
blackman.wheat
bond.diallel
bridges.cucumber
brandle.rape
buntaran.wheat
burgueno.alpha
burgueno.rowcol
burgueno.unreplicated
butron.maize
caribbean.maize
carmer.density
carlson.germination
chakravertti.factorial
chinloy.fractionalfactorial
christidis.competition
cochran.beets
cochran.bib
cochran.crd
cochran.factorial
cochran.latin
cochran.lattice
cochran.wireworms
cochran.eelworms
connolly.potato
cornelius.maize
corsten.interaction
cramer.cucumber
crossa.wheat
crowder.seeds

15
32

60
o8

847

273

75

50

64

12
6*6

30
15
64
280
49

13

20

20

NeJ

16
12

13

20

25

4 11
1-5
15
20

4*6
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21

24
2,11

2,2

2,2.3

3

4

8

3,5,3,3

1/3375 = 3,3,33

7

7

2,222 =274
6
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agridat

yr¥gen~yr¥*trt
percent
split-split

6 traits

4-way, 6 traits

xy, split-block
Xy

xy, incblock
Xy

Xy

Xy

Xy

xy,binary

xy, incblock
Xy

diallel
xy, latin, hetero

alpha

xy, alpha

Xy, TOW-cOl

Xy
diallel,pedigree

factorial
xy,factorial

Xy

bib

xy, crd
factorial

xy, latin

xy, latin

xy, latin

Xy

Xy, competition

pls
tol
Im
do
bij

as!
as!
Im

Im
au
as;
Im

gl
bij

as;
Im
as;
as;
as;
as;
bij

nls
gl
a0
a0

ao
ao
ao
ao
Im
gl
ao
Im
SV

Pa
an

gl
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cox.stripsplit
cullis.earlygen
damesa.maize
dasilva.maize
darwin.maize
davidian.soybean
denis.missing
denis.ryegrass
digby.jointregression
durban.competition
durban.rowcol
durban.splitplot
eden.potato
eden.nonnormal
edwards.oats
engelstad.nitro
fan.stability
federer.diagcheck
federer.tobacco
fisher.barley
fisher.latin

fox.wheat
gathmann.bt
gauch.soy
george.wheat
giles.wheat
gilmour.serpentine
gilmour.slatehall
gomez.fractionalfactorial
gomez.groupsplit
gomez.heteroskedastic
gomez.multilocsplitplot
gomez.nitrogen
gomez.nonnormall
gomez.nonnormal2
gomez.nonnormal3
gomez.seedrate
gomez.splitplot.subsample
gomez.splitsplit
gomez.stripplot
gomez.stripsplitplot
gomez.wetdry
gotway.hessianfly
goulden.latin
goulden.splitsplit
graybill.heteroskedastic
gregory.cotton
grover.diallel

532
22
95

21
10
36
272
70

80

13
122

22

211
19
108
25

45
35

14
12

(=23 e

16
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4

26

17

10

14

13
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12
15
13

34,2

1/2 276 = 2,2,2.2,2.2
2

5
2*5

4*3%2%2
6*6

21

split-block
Xy

xy,incblock,twostage

xy, competition
Xy

Xy

xy, rch, latin

rsml
3-way
Xy

Xy

xy,latin

2 traits

Xy, serpentine
Xy

xy,factorial

Xy, 3 gen groups
hetero
rsml,nitro

log10

sqrt
arcsin
rate
subsample
Xy, nitro, mgmt
Xy, nitro
Xy, nitro
nitro

Xy

xy, latin
xy, split
hetero
polar
diallel

a0
aS]
as]

nl
Im
ao
Im
Im
Im
Im
ao
ao

nls
ste
Im
Im

Im
Im
to
an

en
as]
as]
Im
a0

ao
ao
Im
Im
Im
Im
ao
ao
ao
ao
Im
Im
Im
ao

Im
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grover.rch.subsample
gumpertz.pepper
hadasch.lettuce
hanks.sprinkler
hayman.tobacco
hazell.vegetables
heady.fertilizer
hernandez.nitrogen
hildebrand.systems
holshouser.splitstrip
huehn.wheat
hughes.grapes
hunter.corn
ivins.herbs
jansen.apple
jansen.carrot
jansen.strawberry
jayaraman.bamboo
jenkyn.mildew
john.alpha
johnson.blight
kang.maize
kang.peanut
karcher.turfgrass
keen.potatodamage
kempton.competition
kempton.rowcol
kling.augmented
kempton.slatehall
kirk.potato
lee.potatoblight
lehner.soybeanmold
lillemo.wheat
lin.superiority
lin.unbalanced
linder.wheat
little.splitblock
lonnquist.maize
lyons.wheat
lu.stability
mcconway.turnip
mcleod.barley
mead.cauliflower
mead.cowpea.maize
mead.germination
mead.strawberry
mead.turnip
miguez.biomass

=~ 00 W o

20

13

16
12

24

17
10

36
35
53
25
21
337

24

33
33

11

10

12

15

35
13
12
18

WO Wk Wk

OO N W B

=Wk W

9*9

2%4

2,4

2.4
2,3,8

11

4,5

agridat

subsample
Xy
markers
Xy

diallel

rsm2
rsml

rsml,pop

binomial
rsml

2 traits
binomial
binomial
ordinal
heritability

xy, alpha

ordinal

ordinal

xy, competition

Xy, TOw-col

xy, augmented

Xy

xy

xy, ordinal, repeated

qq

xy, split-block
diallel

hetero
poisson

intercrop
binomial

ao
gl
as
as
as
lin
Im
Im
as
Im
hu
Im
Xy
Im
gl
gl

Im
Im
Im
log

gg
po

Im
Im

Im
as;

gl
gl

a0
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minnesota.barley.weather 6 10

minnesota.barley.yield 22 6 10 do
omer.sorghum 18 6 4 jag
onofri.winterwheat 8 3 7 an
ortiz.tomato 15 18 16 env¥*gen~env*cov pls
pacheco.soybean 18 11 an
payne.wheat 20 6 rotation as
pederson.lettuce.repeated 18 3 nli
perry.springwheat 28 5 4 gain Im
petersen.sorghum.cowpea 2 4 7 4 intercrop

piepho.cocksfoot 25 7 mi
ratkowsky.onions Im
reid.grasses 4 3 21 nls
riddle.wheat 25 5 2 xy, latin ao
ridout.appleshoots 30 2,4 zip Ze!
rothamsted.brussels 4 6

rothamsted.oats 8 9 rch

ryder.groundnut 5 4 xy, rch Im
salmon.bunt 10 2 20 be
senshu.rice 40 lm
shafii.rapeseed 6 14 3 3 bij
shaw.oats 13 2 5 3 ao
sharma.met 7 3 3 2 Fi
silva.cotton 5 5 5 traits gl
sinclair.clover 5,0 rsm2,mitzerlich nls
snedecor.asparagus 4 4 4 sp
snijders.fusarium 17 3 4 percent gl
steptoe.morex.pheno 152 16 10 traits

steptoe.morex.geno 150 223 markers, qtl
streibig.competition 2 3 gl
stroup.nin 56 4 Xy as:
stroup.splitplot 4 as;
student.barley 2 51 6 Im
tai.potato 8 3 2 ta
talbot.potato 9 12 gen*env~gen*trt pls
tesfaye.millet v 2 2-3 2 4 Xy as!
theobald.barley 3 5 2 5 rsml

theobald.covariate 10 7 5 cov jag
thompson.cornsoy 5 33 repeated measures ao
vaneeuwijk.fusarium 20 4 7 3-way ao
vaneeuwijk.drymatter 6 4 7 3-way ao
vaneeuwijk.nematodes 11 nonnormal,poisson gn
vargas.wheat1 7 6 gen*yr~gen*trt, yr¥*gen~yr*cov  pls
vargas.wheat2 8 7 env*gen~env*cov pls
vargas.txe 10 24 yr¥tré~yr*cov pls
verbyla.lupin 9 8 3 2 7 rsml, xy, density as!
vold.longterm 19 4 rsml nls

vsn.lupin3 336 3 Xy as!
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wedderburn.barley 10 9
weiss.incblock 31 6
weiss.lattice 49 4
welch.bermudagrass

wheatley.carrot 3
yan.winterwheat 18 9
yang.barley 6 18
yates.missing 10
yates.oats 3 6

Time series

name years
byers.apple
broadbalk.wheat 74
hessling.argentina 30

kreusler.maize 4
lambert.soiltemp 1
nass.barley 146
nass.corn 146
nass.cotton 146
nass.hay 104
nass.sorghum 93
nass.wheat 146
nass.rice 117
nass.soybean 88

walsh.cottonprice 34

Other

name
cate.potassium
cleveland.soil
harrison.priors
nebraska.farmincome
pearl.kernels
stirret.borers
turner.herbicide
usgs.herbicides
wallace.iowaland
waynick.soil

Summaries:

Diallel experiments:

name gen loc

bond.diallel 6*6

agridat
percent
xy,incblock
xy,lattice
4,44 rsm3, factorial
11
372=233 factorial
xy,split,nitro
trt  other model
Ime
17
temp,precip
5 plant growth
7
cor
model
cate-nelson
loess 2D
nls, prior
choropleth
chisq
Im, 4 trt
glm, 4 trt
non-detect

Im, choropleth
spatial, nitro/carbon

reps trt  model
9

gl
as!
Im
Im

gl
bij
Im
Im
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butron.maize 49 3 biplot,asreml
grover.diallel 4 6*6  lmDiallel
hayman.tobacco 8 2 asreml
ilri.sheep 4 6

lonnquist.maize 11 asreml

Factorial experiments:

name gen loc reps years trt other model
chakravertti.factorial 3 3 3,5,3,3 factorial aov
chinloy.fractionalfactorial 9 1/3 375 =3,3,3,3 xy,factorial aov
cochran.factorial 2 2,222 =274 factorial aov
gomez.fractionalfactorial 2 1/2 276 =2,2,2,2,2,2 xy,factorial Im
welch.bermudagrass 4,44 rsm3, factorial Im, jags
yates.missing 10 372=33 factorial Im, pca

Multi-environment trials with multi-genotype,loc,rep,year:

name gen loc reps years trt other model
barrero.maize 847 16 4 11 6 asreml
edwards.oats 80 5 3 7
gauch.soy 7 7 4 12 ammi
george.wheat 211 9 4 15
shafii.rapeseed 6 14 3 3 biplot
shaw.oats 13 2 5 3 aov
tesfaye.millet 47 2 2-3 2 4 xy,FA asreml
verbyla.lupin 9 8 3 2 7 rsml, xy, density asreml

Data with markers: hadasch.lettuce.markers, steptoe.morex.geno

Data with pedigree: butron.maize

Author(s)

Kevin Wright, with support from many people who granted permission to include their
data in this package.

References

J. White and Frits van Evert. (2008). Publishing Agronomic Data. Agron J. 100, 1396-
1400. https://doi.org/10.2134/agronj2008.0080F
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allcroft.lodging Multi-environment trial of cereal with lodging data

Description

Percent lodging is given for 32 genotypes at 7 environments.

Format
A data frame with 224 observations on the following 3 variables.
env environment, 1-7
gen genotype, 1-32
y percent lodged

Details

This data is for the first year of a three-year study.
Used with permission of Chris Glasbey.

Source

D. J. Allcroft and C. A. Glasbey, 2003. Analysis of crop lodging using a latent variable

model. Journal of Agricultural Science, 140, 383-393. https://doi.org/10.1017/S0021859603003332

Examples

## Not run:

library(agridat)
data(allcroft.lodging)
dat <- allcroft.lodging

# Transformation

dat$sy <- sqrt(dat$y)

# Variety 4 has no lodging anywhere, so add a small amount
dat[dat$env=="'E5' & dat$gen=='G04',]$sy <- .01

libs(lattice)

dotplot(env~y|gen, dat, as.table=TRUE,
xlab="Percent lodged (by genotype)", ylab="Variety",
main="allcroft.lodging")

# Tobit model
libs (AER)
m3 <- tobit(sy ~ 1 + gen + env, left=0, right=100, data=dat)

# Table 2 trial/variety means
preds <- expand.grid(gen=levels(dat$gen), env=levels(dat$env))
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preds$pred <- predict(m3, newdata=preds)
round (tapply (preds$pred, preds$gen, mean),2)
round (tapply(preds$pred, preds$env, mean),2)

## End (Not run)

alwan.lamb For the 34 sheep sires, the number of lambs in each of 5 foot
shape classes.

Description

For the 34 sheep sires, the number of lambs in each of 5 foot shape classes.

Usage

data("alwan.lamb")

Format

A data frame with 340 observations on the following 11 variables.

year numeric 1980/1981

breed breed PP, BRP, BR

sex sex of lamb M/F

sire0 sire ID according to Alwan
shape sire ID according to Gilmour
count number of lambs

sire shape of foot

yr numeric contrast for year

bl numeric contrast for breeds

b2 numeric contrast for breeds

b3 numeric contrast for breeds

Details

There were 2513 lambs classified on the presence of deformities in their feet. The lambs
represent the offspring of 34 sires, 5 strains, 2 years.

The variables yr, bl, b2, b3 are numeric contrasts for the fixed effects as defined in the
paper by Gilmour (1987) and used in the SAS example. Gilmour does not explain the
reason for the particular contrasts. The counts for classes LF1, LF2, LF3 were combined.
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Source

Mohammed Alwan (1983). Studies of the flock mating performance of Booroola merino
crossbred ram lambs, and the foot conditions in Booroola merino crossbreds and Perendale
sheep grazed on hill country. Thesis, Massey University. https://hdl.handle.net/10179/5900
Appendix I, II.

References

Gilmour, Anderson, and Rae (1987). Variance components on an underlying scale for or-
dered multiple threshold categorical data using a generalized linear mixed model. Journal of
Animal Breeding and Genetics, 104, 149-155. https://doi.org/10.1111/j.1439-0388.1987.tb00117.x

SAS/STAT(R) 9.2 Users Guide, Second Edition Example 38.11 Maximum Likelihood in
Proportional Odds Model with Random Effects https://support.sas.com/documentation/cdl/en/statug/63033/HT

Examples

## Not run:

library(agridat)
data(alwan.lamb)
dat <- alwan.lamb

# merge LF1 LF2 LF3 class counts, and combine M/F

dat$shape <- as.character(dat$shape)

dat$shape <- ifelse(dat$shape=="LF2", "LF3", dat$shape)

dat$shape <- ifelse(dat$shape=="LF1", "LF3", dat$shape)

dat <- aggregate(count ~ year+breed+sireO+sire+shape+yr+b1+b2+b3,
dat, FUN=sum)

dat <- transform(dat,
year=factor(year), breed=factor(breed),
sireO=factor(sire0), sire=factor(sire))
# LF5 or LF3 first is a bit arbitary...affects the sign of the coefficients
dat <- transform(dat, shape=ordered(shape, levels=c("LF5","LF4","LF3")))

# View counts by year and breed

libs(latticeExtra)

dat2 <- aggregate(count ~ year+breed+shape, dat, FUN=sum)

useQuterStrips(barchart(count ~ shape|year*breed, data=dat2,
main="alwan.lamb"))

# Model used by Gilmour and SAS

dat <- subset(dat, count > 0)

libs(ordinal)

ml <- clmm(shape ~ yr + bl + b2 + b3 + (1|sire), data=dat,
weights=count, link="probit", Hess=TRUE)

summary(m1) # Very similar to Gilmour results

ordinal::ranef(ml) # sign is opposite of SAS

## SAS var of sires .04849
## Effect Shape Estimate Standard Error DF t Value Pr > |t
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#it
#i#
#i#
#i
#i#
#i#

#i#
#i#
#i
#i#
#i#
#i
#i#

Intercept 0
Intercept 2

yr

bl 0.3781
b2

b3 -0.09887
Gilmour results
Intl .370 +/-
Int2 1.603 +/-
Year -.139 +/-
B1 -.370 +/-
B2 -.304 +/-
B3 .098 +/-

.3781 0.04907 29 7.71 <.0001
1.6435 0.05930 29 27.72 <.0001

0.1422 0.04834 2478 2.94 0.0033

0.07154 2478 5.28 <.0001

0.3157 0.09709 2478 3.25 0.0012
0.06508 2478

-1.52 0.1289

for probit analysis

.052
.061
.052
.076
.103
.070

# Plot random sire effects with intervals, similar to SAS example
plot.random <- function(model, random.effect, ylim=NULL, xlab="", main="") {
tab <- ordinal::ranef(model) [[random.effect]]
tab <- data.frame(lab=rownames(tab), est=tab$"(Intercept)")
tab <- transform(tab,
lo = est - 1.96 * sqrt(model$condVar),
hi = est + 1.96 * sqrt(model$condVar))

}

# sort by est, and return index

ix <- order(tab$est)
tab <- tabl[ix,]

if(is.null(ylim)) ylim <- range(c(tab$lo, tab$hi))

n <- nrow(tab)

plot(1l:n, tab$est, axes=FALSE, ylim=ylim, xlab=xlab,
ylab="effect", main=main, type="n")

text(l:n, tab$est, labels=substring(tab$lab,2) , cex=.75)

axis(1)
axis(2)

segments(1l:n, tab$lo, 1:n, tab$hi, col="gray30")

abline(h=c(-.5, -.25, O,

return(ix)

ix <- plot.random(ml, "sire")

.25, .5), col="gray")

# foot-shape proportions for each sire, sorted by estimated sire effects
# positive sire effects tend to have lower proportion of lambs in LF4 and LF5
tab <- prop.table(xtabs(count ~ sire+shape, dat), margin=1)

tab <- tabl[ix,]

tab <- tab[nrow(tab):1,] # reverse the order
lattice: :barchart(tab,
horizontal=FALSE, auto.key=TRUE,
main="alwan.lamb", xlab="Sire", ylab="Proportion of lambs",
scales=list(x=1list (rot=70)),

par.settings

simpleTheme (col=c("yellow

","orange

detach("package:ordinal") # to avoid VarCorr clash with lme4

non
>

red")) )

29
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ansari.wheat.uniformity

## End(Not run)

ansari.wheat.uniformity
Uniformity trial of wheat

Description

Uniformity trial of wheat in India in 1940.

Usage

data("ansari.wheat.uniformity")

Format

A data frame with 768 observations on the following 3 variables.

TOoW oW
col column

yield yield of grain per plot, in half-ounces

Details

An experiment was conducted at the Government Research Farm, Raya (Muttra District),
during the rainy season of 1939-40.

"Wheat was sown over an area of 180 ft. x 243 ft. with 324 rows on a field of average
fertility. It had wheat during 1938-39 rabi and was fallow during 1939-40 kharif. The seed
was sown behind desi plough in rows 9 inches apart, the length of each row being 180 feet”.

”At the time of harvest, 18 rows on both sides and 10 feet at the end of the field were
discarded to eliminate border effects and an area of 160 feet x 216 feet with 288 rows was
harvested in small units, each being 2 feet 3 inches broad with three rows 20 feet long.
There were 96 units across the rows and eight units along the rows. The total number of
unit plots thus obtained was 768. The yield of grain for each unit plot was weighed and
recorded separately and is given in the appendix.”

Field width: 96 plots * 2.25 feet = 216 feet.
Field length: 8 plots * 20 feet = 160 feet.

Comment: There seems to be a strong cyclical patern to the fertility gradient. "History of
the field reveals no explanation for this phenomenon, as an average field usually found on
the farm was selected for the trial.”

Source

Ansari, M. A. A., and G. K. Sant (1943). A Study of Soil Heterogeneity in Relation to
Size and Shape of Plots in a Wheat Field at Raya (Muhra District). Ind. J. Agr. Sci, 13,
652-658. https://archive.org/details/in.ernet.dli.2015.271748
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References

None

Examples

## Not run:

library(agridat)
data(ansari.wheat.uniformity)
dat <- ansari.wheat.uniformity

# match Ansari figure 3

libs(desplot)

desplot(dat, yield ~ colxrow,
f1ip=TRUE, aspect=216/160, # true aspect
main="ansari.wheat.uniformity")

## End (Not run)

arankacami.groundnut.uniformity
Uniformity trial of groundnut

Description

Uniformity trial of groundnut

Usage

data("arankacami.groundnut.uniformity")

Format
A data frame with 96 observations on the following 3 variables.

oW Tow
col column

yield yield, kg/plot

Details

The year of the experiment is unknown, but before 1995.

Basic plot size is 0.75 m (rows) x 4 m (columns).

Source

Ira Arankacami, R. Rangaswamy. (1995). A Text Book of Agricultural Statistics. New Age
International Publishers. Table 19.1. Page 237. https://www.google.com/books/edition/A_Text Book of Agric
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References

None

Examples

## Not run:

library(agridat)
data(arankacami.groundnut.uniformity)
dat <- arankacami.groundnut.uniformity

require(desplot)

desplot(dat, yield ~ col*row,
£1ip=TRUE, aspect=(12%.75)/(8*4),
main="arankacami.groundnut.uniformity")

## End (Not run)

archbold.apple Split-split plot experiment of apple trees

Description

Split-split plot experiment of apple trees with different spacing, root stock, and cultivars.

Format

A data frame with 120 observations on the following 10 variables.

rep block, 5 levels

TOoW row

pos position within each row

spacing spacing between trees, 6,10,14 feet
stock rootstock, 4 levels

gen genotype, 2 levels

yield yield total, kg/tree from 1975-1979

trt treatment code

Details

In rep 1, the 10-foot-spacing main plot was split into two non-contiguous pieces. This also
happened in rep 4. In the analysis of Cornelius and Archbold, they consider each row x
within-row-spacing to be a distinct main plot. (Also true for the 14-foot row-spacing, even
though the 14-foot spacing plots were contiguous.)

The treatment code is defined as 100 * spacing + 10 * stock + gen, where stock=0,1,6,7
for Seedling, MM111,MM106,M0007 and gen=1,2 for Redspur,Golden, respectively.
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Source

D Archbold and G. R. Brown and P. L. Cornelius. (1987). Rootstock and in-row spacing
effects on growth and yield of spur-type delicious and Golden delicious apple. Journal of
the American Society for Horticultural Science, 112, 219-222.

References

Cornelius, PL and Archbold, DD, 1989. Analysis of a split-split plot experiment with
missing data using mixed model equations. Applications of Mixed Models in Agriculture
and Related Disciplines. Pages 55-79.

Examples

## Not run:

library(agridat)
data(archbold.apple)
dat <- archbold.apple

# Define main plot and subplot

dat <- transform(dat, rep=factor(rep), spacing=factor(spacing), trt=factor(trt),
mp = factor(paste(row,spacing,sep="")),
sp = factor(paste(row,spacing,stock,sep="")))

# Due to 'spacing', the plots are different sizes, but the following layout
# shows the relative position of the plots and treatments. Note that the
# 'spacing' treatments are not contiguous in some reps.
libs(desplot)
desplot(dat, spacing~row*pos,
col=stock, cex=1, num=gen, # aspect unknown
main="archbold.apple")

libs(1me4, lucid)
ml <- Imer(yield ~ -1 + trt + (1|rep/mp/sp), dat)

vc(ml) # Variances/means on Cornelius, page 59

## grp varl var2 vcov sdcor
## sp:(mp:rep) (Intercept) <NA> 193.3 13.9
## mp:rep (Intercept) <NA> 203.8 14.28
## rep (Intercept) <NA> 197.3 14.05
#i# Residual <NA> <NA> 1015 31.86

## End (Not run)

ars.earlywhitecorn96 Multi-environment trial of early white food corn
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Description

Multi-environment trial of early white food corn for 60 white hybrids.

Format
A data frame with 540 observations on the following 9 variables.

loc location, 9 levels

gen gen, 60 levels

yield yield, bu/ac

stand stand, percent

rootlodge root lodging, percent
stalklodge stalk lodging, percent
earht ear height, inches

flower days to flower

moisture moisture, percent

Details

Data are the average of 3 replications.

Yields were measured for each plot and converted to bushels / acre and adjusted to 15.5
percent moisture.

Stand is expressed as a percentage of the optimum plant stand.
Lodging is expressed as a percentage of the total plants for each hybrid.

Ear height was measured from soil level to the top ear leaf collar. Heights are expressed in
inches.

Days to flowering is the number of days from planting to mid-tassel or mid-silk.

Moisture of the grain was measured at harvest.

Source

L. Darrah, R. Lundquist, D. West, C. Poneleit, B. Barry, B. Zehr, A. Bockholt, L. Maddux,
K. Ziegler, and P. Martin. (1996). White Food Corn 1996 Performance Tests. Agricultural
Research Service Special Report 502.

Examples
## Not run:
library(agridat)

data(ars.earlywhitecorn96)
dat <- ars.earlywhitecorn96

libs(lattice)
# These views emphasize differences between locations
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dotplot(gen~yield, dat, group=loc, auto.key=list(columns=3),
main="ars.earlywhitecorn96")
## dotplot(gen~stalklodge, dat, group=loc, auto.key=list(columns=3),
#H main="ars.earlywhitecorn96")
splom(~dat[,3:9], group=dat$loc, auto.key=list(columns=3),
main="ars.earlywhitecorn96")

# MANQVA

ml <- manova(cbind(yield,earht,moisture) ~ gen + loc, dat)
ml

summary (m1)

## End (Not run)

australia.soybean Multi-environment trial of soybean in Australia

Description

Yield and other traits of 58 varieties of soybeans, grown in four locations across two years
in Australia. This is four-way data of Year x Loc x Gen x Trait.

Format

A data frame with 464 observations on the following 10 variables.

env environment, 8 levels, first character of location and last two characters of year
loc location

year year

gen genotype of soybeans, 1-58

yield yield, metric tons / hectare

height height (meters)

lodging lodging

size seed size, (millimeters)

protein protein (percentage)

0il oil (percentage)

Details

Measurement are available from four locations in Queensland, Australia in two consecutive

years 1970, 1971.

The 58 different genotypes of soybeans consisted of 43 lines (40 local Australian selections
from a cross, their two parents, and one other which was used a parent in earlier trials) and
15 other lines of which 12 were from the US.
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Lines 1-40 were local Australian selections from Mamloxi (CPI 172) and Avoyelles (CPI
15939).

No. Line

1-40  Local selections

41 Avoyelles (CPI 15939) Tanzania
42 Hernon 49 (CPI 15948) Tanzania
43 Mamloxi (CPI 172) Nigeria

44 Dorman USA

45 Hampton USA

46 Hill USA

47 Jackson USA

48 Leslie USA

49 Semstar Australia

50 Wills USA

51 C26673 Morocco

52 C26671 Morocco

53 Bragg USA

54 Delmar USA

55 Lee USA

56 Hood USA

57 Ogden USA

58 Wayne USA

Note on the data in Basford and Tukey book. The values for line 58 for Nambour 1970 and
Redland Bay 1971 are incorrectly listed on page 477 as 20.490 and 15.070. They should be
17.350 and 13.000, respectively. In the data set made available here, these values have been
corrected.

Used with permission of Kaye Basford, Pieter Kroonenberg.

Source

Basford, K. E., and Tukey, J. W. (1999). Graphical analysis of multiresponse data illus-
trated with a plant breeding trial. Chapman and Hall/CRC.

Retrieved from: https://three-mode.leidenuniv.nl/data/soybeaninf.htm

References

K E Basford (1982). The Use of Multidimensional Scaling in Analysing Multi-Attribute
Genotype Response Across Environments, Aust J Agric Res, 33, 473-480.

Kroonenberg, P. M., & Basford, K. E. B. (1989). An investigation of multi-attribute
genotype response across environments using three-mode principal component analysis.
Euphytica, 44, 109-123.

Marcin Kozak (2010). Use of parallel coordinate plots in multi-response selection of inter-
esting genotypes. Communications in Biometry and Crop Science, 5, 83-95.
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Examples

## Not run:

library(agridat)
data(australia.soybean)
dat <- australia.soybean

libs(reshape2)
dm <- melt(dat, id.var=c('env', 'year','loc','gen'))

# Joint plot of genotypes & traits. Similar to Figure 1 of Kroonenberg 1989
dmat <- acast(dm, gen~variable, fun=mean)

dmat <- scale(dmat)

biplot(princomp(dmat), main="australia.soybean trait x gen biplot", cex=.75)

# Figure 1 of Kozak 2010, lines 44-58

libs(reshape2, lattice, latticeExtra)
data(australia.soybean)

dat <- australia.soybean

dat <- melt(dat, id.var=c('env', 'year',k'loc','gen'))
dat <- acast(dat, gen~variable, fun=mean)

dat <- scale(dat)

dat <- as.data.frame(dat)[,c(2:6,1)]

dat$gen <- rownames(dat)

# data for the graphic by Kozak

dat2 <- dat[44:58,]

dat3 <- subset(dat2, is.element(gen, c("G48","G49","G50","G51")))

parallelplot( ~ dat3[,1:6]|dat3$gen, main="australia.soybean",
as.table=TRUE, horiz=FALSE) +
parallelplot( ~ dat2[,1:6], horiz=FALSE, col="gray80") +
parallelplot( ~ dat3[,1:6]|dat3$gen,
as.table=TRUE, horiz=FALSE, lwd=2)

## End(Not run)

bachmaier.nitrogen Trial of wheat with nitrogen fertilizer in two fertility zones

Description

Trial of wheat with nitrogen fertilizer in two fertility zones

Usage

data("bachmaier.nitrogen")
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Format

A data frame with 88 observations on the following 3 variables.

nitro nitrogen fertilizer, kg/ha
yield wheat yield, Mg/ha

zone fertility zone

Details

Data from a wheat fertilizer experiment in Germany in two yield zones. In each zone,
the design was an RCB with 4 blocks and 11 nitrogen levels. The yield of each plot was
measured.

Electronic data originally downloaded from http://www.tec.wzw.tum.de/bachmaier /vino.zip
(no longer available).

Source

Bachmaier, Martin. 2009. A Confidence Set for That X-Coordinate Where a Quadratic Re-
gression Model Has a Given Gradient. Statistical Papers 50: 649-60. https://doi.org/10.1007/s00362-
007-0104-1.

References

Bachmaier, Martin. Test and confidence set for the difference of the x-coordinates of the ver-
tices of two quadratic regression models. Stat Papers (2010) 51:285-296, https://doi.org/10.1007/s00362-
008-0159-7

Examples

library(agridat)
data(bachmaier.nitrogen)
dat <- bachmaier.nitrogen

# Fit a quadratic model for the low-fertility zome
dlow <- subset(dat, zone=="low")
ml <- Im(yield ~ nitro + I(nitro~2), dlow)

# Slope of tangent line for economic optimum

m <- .005454 # = (N 0.60 euro/kg) / (wheat 110 euro/Mg)
# x-value of tangent point

bl <- coef (m1) [2]

b2 <- coef(m1) [3]

opt.bach <- (m-bl)/(2xb2)

round (opt.bach, 0)

# conf int for x value of tangent point
round(vcovs <- vcov(ml), 7)

blbl <- vcovs[2,2] # estimated var of bl
b1b2 <- vcovs[2,3] # estimated cov of bil,b2
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b2b2 <- vcovs[3,3]

tval <- qt(1 - 0.05/2, nrow(dlow)-3)

A <- b272 - b2b2 * tval~2

B <- (b1-m)*b2 - blb2 * tval~2

C <- ((b1-m)"2 - bibl * tval~2)/4

D <- B™2 - 4x%AxC

x.lo <= -2xC / (B-sqrt(B~2-4x%AxC))

x.hi <= (-B + sqrt(B"2-4xAxC))/(2*A)

ci.bach <- c(x.lo, x.hi)

round(ci.bach,0) # 95% CI 173,260 Matches Bachmaier

# Plot raw data, fitted quadratic, optimum, conf int
plot(yield~nitro, dlow)

pl <- data.frame(nitro=seq(0,260, by=1))

pl$pred <- predict(ml, new=pl)

lines(pred~nitro, pl)

abline(v=opt.bach, col="blue")

abline(v=ci.bach, col="skyblue")

title("Economic optimum with 95 pct confidence interval")
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bailey.cotton.uniformity
Uniformity trial of cotton in Egypt

Description

Uniformity trial of cotton in Egypt 1921-1923.

Usage

data("bailey.cotton.uniformity")

Format

A data frame with 794 observations on the following 5 variables.

row row ordinate
col column ordinate
yield yield, in rotls
year year

loc location
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Details

Two pickings were taken. The weights of seeds cotton for first and second pickings were
totaled. Yields were measured in "rotl”, which "are on the order of a pound”.

Layout at Sakha and Gemmeiza (page 9): Total area 4.86 feddans. Each bed was 20 ridges
of 7 m each, total dimension 15 m x 7 m. Add 1.5m for irrigation channel. Center-to-center
distances 15m x 8.5m.

Charts 3 & 5 show yield of ”Selected Average Plants”. These data are not used here.
Chart 1: Sakha 1921, 8 x 20. Bed yield in rotls. Length 20 ridges * .75 m = 15m. Width

= Tm.

Chart 2: Gemmeiza 1921, 8 x 20.

Chart 3: Total S.A.P. yield in grams. (not used here)
Chart 4: Gemmeiza 1922, 8 x 20.

Chart 5: Total S.A.P. yield in grams. (not used here)
Layout at Giza (page 10)

Beds were 8 ridges of 7 m each, total dimension 6m x 7m. Add 1.5m for irrigation channel.
Center-to-center distance 6m x 8.5m

Chart 6 - Giza 1921, 14 x 11 = 154 plots

Chart 7 - Giza 1923, 20 x 8 = 160 plots

Bailey said the results at Giza 1921 were not suitable for reliability experiments.
Data were typed and proofread by KW 2023.01.11

Source

Bailey, M. A., and Trought, T. (1926). An account of experiments carried out to determine
the experimental error of field trials with cotton in Egypt. Egypt Ministry of Agriculture,
Technical and Science Service Bulletin 63, Min. Agriculture Egypt Technical and Science
Bulletin 63. https://www.google.com/books/edition/Bulletin/xBQIAQAATAAJ?pg=PA46-
1A205

References

None

Examples

## Not run:
library(agridat)
data(bailey.cotton.uniformity)
dat <- bailey.cotton.uniformity
dat <- transform(dat, env=paste(year,loc))

# Data check. Matches Bailey 1926 Table 1. 28.13, , 46.02, 31.74, 13.52
libs(dplyr)
# dat
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libs(desplot)
desplot(dat, yield ~ col*row|env, main="bailey.cotton.uniformity")

# The yield scales are quite different at each loc, and the dimensions
# are different, so plot each location separately.
# Note: Bailey does not say if plots are 7x15 meters, or 15x7 meters.
# The choices here seem most likely in our opinion.
desplot(dat, yield ~ col*row, subset= env=="1921 Sakha",
main="1921 Sakha", aspect=(20%8.5)/(8%15))
desplot(dat, yield ~ col*row, subset= env=="1921 Gemmeiza",
main="1921 Gemmeiza", aspect=(20%8.5)/(8%15))
desplot(dat, yield ~ col*row, subset= env=="1922 Gemmeiza",
main="1922 Gemmeiza", aspect=(20%8.5)/(8*15))
desplot(dat, yield ~ col*row, subset= env=="1921 Giza",
main="1921 Giza", aspect=(11%6)/(14%8.5))
# 1923 Giza has alternately hi/lo yield rows. Not noticed by Bailey.
desplot(dat, yield ~ col*row, subset= env=="1923 Giza",
main="1923 Giza", aspect=(20%6)/(8%8.5))

## End (Not run)

baker.barley.uniformity
Uniformity trials of barley, 10 years on same ground

Description

Uniformity trials of barley at Davis, California, 1925-1935, 10 years on same ground.

Format

A data frame with 570 observations on the following 4 variables.

row Irow
col column
year year

yield yield, pounds/acre

Details

Ten years of uniformity trials were sown on the same ground. Baker (1952) shows a map
of the field, in which gravel subsoil extended from the upper right corner diagonally lower-
center. This part of the field had lower yields on the 10-year average map.

Plot 41 in 1928 is missing.
Field width: 19 plots = 827 ft
Field length: 3 plots * 161 ft + 2 alleys * 15 feet = 513 ft



42 baker.strawberry.uniformity

Source

Baker, GA and Huberty, MR and Veihmeyer, FJ. (1952) A uniformity trial on unirrigated
barley of ten years’ duration. Agronomy Journal, 44, 267-270. https://doi.org/10.2134/agronj1952.00021962004400

Examples

## Not run:
library(agridat)

data(baker.barley.uniformity)
dat <- baker.barley.uniformity

# Ten-year average
dat2 <- aggregate(yield ~ rowxcol, data=dat, FUN=mean, na.rm=TRUE)

libs(desplot)

desplot(dat, yield~col*row|year,
aspect = 513/827, # true aspect
main="baker.barley.uniformity - heatmaps by year")

desplot(dat2, yield~colx*row,

aspect = 513/827, # true aspect

main="baker.barley.uniformity - heatmap of 10-year average")
# Note low yield in upper right, slanting to left a bit due to sandy soil
# as shown in Baker figure 1.

# Baker fig 2, stdev vs mean

dat3 <- aggregate(yield ~ row*col, data=dat, FUN=sd, na.rm=TRUE)

plot(dat2$yield, dat3$yield, xlab="Mean yield", ylab="Std Dev yield",
main="baker.barley.uniformity")

# Baker table 4, correlation of plots across years
# libs(reshape2)

# mat <- acast(dat, row+col~year)

# round(cor(mat, use='pair'),2)

## End (Not run)

baker.strawberry.uniformity
Uniformity trial of strawberry

Description

Uniformity trial of strawberry
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Usage

data("baker.strawberry.uniformity")

Format

A data frame with 700 observations on the following 4 variables.

trial Factor for trial
row row ordinate
col column ordinate

yield yield per plant/plot in grams

Details
Trial T1:

200 plants were grown in two double-row beds at Davis, California, in 1946. The rows were
1 foot apart. The beds were 42 inches apart. The plants were 10 inches apart within a row,
each row consisting of 50 plants.

Field length: 50 plants * 10 inches = 500 inches.
Field width: 12 in + 42 in + 12 in = 66 inches.

The layout of the experiment in Table 1 shows 4 columns. There is 12 inches between
column 1 and column 2, then 42 inches, then 12 inches between column 3 and column 4.
For the data in this R package, we added 3 to the right two columns index values to indicate
this layout. (Should be 3.5, but we want to have an integer).

Trial T2:

500 plants were grown in single beds. The beds were 30 inches apart. Each bed was 50
plants long with 10 inches between plants.

Field length: 50 plants * 10 in = 500 in.
Field width: 10 beds * 30 in = 300 in.

Source

G. A. Baker and R. E. Baker (1953). Strawberry Uniformity Yield Trials. Biometrics, 9,
412-421. https://doi.org/10.2307/3001713

References

None

Examples
## Not run:
library(agridat)

data(baker.strawberry.uniformity)
dat <- baker.strawberry.uniformity
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# Match mean and cv of Baker p 414.

libs(dplyr)

dat <- group_by(dat, trial)

summarize(dat, mn=mean(yield), cv=sd(yield)/mean(yield))

libs(desplot)

desplot(dat, yield ~ col*row, subset=trial=="T1",
f1ip=TRUE, aspect=500/66, tick=TRUE,
main="baker.strawberry.uniformity - trial T1")

desplot(dat, yield ~ col*row, subset=trial=="T2",
f1ip=TRUE, aspect=500/300, tick=TRUE,
main="baker.strawberry.uniformity - trial T2")

## End(Not run)

baker.wheat.uniformity
Uniformity trial of wheat

Description

Uniformity trial of wheat

Usage

data("baker.wheat.uniformity")

Format
A data frame with 225 observations on the following 3 variables.

TOW TOW
col col
yield yield (grams)

Details

Data was collected in 1939-1940. The trial consists of sixteen 40 ft. x 40 ft. blocks
subdivided into nine plots each. The data were secured in 1939-1940 from White Federation
wheat. The design of the experiment was square with alleys 20 feet wide between blocks.
The plots were 10 feet long with two guard rows on each side.

Morning glories infested the middle two columns of blocks, uniformly over the blocks af-
fected.

The data here include missing values for the alleys so that the field map is approximately
the correct shape and size.

Field width: 4 blocks of 40 feet 4+ 3 alleys of 20 feet = 220 feet.
Field length: 4 blocks of 40 feet + 3 alleys of 20 feet = 220 feet.
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Source

G. A. Baker, E. B. Roessler (1957). Implications of a uniformity trial with small plots of
wheat. Hilgardia, 27, 183-188. https://hilgardia.ucanr.edu/Abstract/?a=hilg.v27n05p183
https://doi.org/10.3733 /hilg.v27n05p183

References

None

Examples

## Not run:

library(agridat)
data(baker.wheat.uniformity)
dat <- baker.wheat.uniformity

libs(desplot)

desplot(dat, yield ~ colxrow,
f1ip=TRUE, aspect=1,
main="baker.wheat.uniformity")

## End (Not run)

bancroft.peanut.uniformity
Uniformity trial of peanuts

Description

Uniformity trial of peanuts in Alabama, 1946.

Usage

data("bancroft.peanut.uniformity")

Format

A data frame with 216 observations on the following 5 variables.

TOoW row
col column
yield yield, pounds per plot
block block
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Details

The data are obtained from two parts of the same field, located at Wiregrass Substation,
Headland, Alabama, USA. Each part had 18 rows, 3 feet wide, 100 feet long. Plots were
harvested in 1946. Green weights in pounds were recorded.

Each plot was 16.66 linear feet of row and 3 feet in width, 50 sq feet.
Field width: 6 plots * 16.66 feet = 100 feet
Field length: 18 plots * 3 feet = 54 feet

Conclusions: Based on the relative efficiencies, increasing the size of the plot along the row
is better than across the row. Narrow, rectangular plots are more efficient.

Source

Bancroft, T. A. et al., (1948). Size and Shape of Plots and Distribution of Plot Yield for
Field Experiments with Peanuts. Alabama Agricultural Experiment Station Progress Re-
port, sec. 39. Table 4, page 6. https://aurora.auburn.edu/bitstream/handle/11200/1345/0477PROG.pdf;sequence

References

None

Examples

## Not run:

library(agridat)
data(bancroft.peanut.uniformity)
dat <- bancroft.peanut.uniformity

# match means Bancroft page 3
## dat

## # A tibble: 2 x 2

##  block mn

##  <chr> <dbl>

## 1 Bl 2.46
## 2 B2 2.05
libs(desplot)

desplot(dat, yield ~ colxrow|block,
f1ip=TRUE, aspect=(18%3)/(6%16.66), # true aspect
main="bancroft.peanut.uniformity")

## End (Not run)
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barrero.maize Multi-environment trial of maize in Texas.

Description

Multi-environment trial of maize in Texas.

Usage

data("barrero.maize")

Format

A data frame with 14568 observations on the following 15 variables.

year year of testing, 2000-2010
yor year of release, 2000-2010
loc location, 16 places in Texas
env environment (year+loc), 107 levels
rep replicate, 1-4

gen genotype, 847 levels
daystoflower numeric
plantheight plant height, cm
earheight ear height, cm
population plants per hectare
lodged percent of plants lodged
moisture moisture percent
testweight test weight kg/ha
yield yield, Mt/ha

Details
This is a large (14500 records), multi-year, multi-location, 10-trait dataset from the Texas
Agriliife Corn Performance Trials.
These data are from 2-row plots approximately 36in wide by 25 feet long.

Barrero et al. used this data to estimate the genetic gain in maize hybrids over a 10-year
period of time.

Used with permission of Seth Murray.

Source

Barrero, Ivan D. et al. (2013). A multi-environment trial analysis shows slight grain
yield improvement in Texas commercial maize. Field Crops Research, 149, Pages 167-176.
https://doi.org/10.1016/j.fcr.2013.04.017
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References

None.

Examples

## Not run:
library(agridat)
data(barrero.maize)

dat <- barrero.maize

library(lattice)
bwplot(yield ~ factor(year)|loc, dat,
main="barrero.maize - Yield trends by loc",
scales=list(x=1list(rot=90)))

# Table 6 of Barrero. Model equation 1.
if (require("asreml", quietly=TRUE)){

}

libs(dplyr,lucid)

dat <- arrange(dat, env)

dat <- mutate(dat,

yearf=factor(year), env=factor(env),
loc=factor(loc), gen=factor(gen), rep=factor(rep))

ml <- asreml(yield ~ loc + yearf + loc:yearf, data=dat,
random

gen:loc:yearf,

= ~ gen + rep:loc:yearf +
gen:yearf + gen:loc +

residual = ~ dsum( ~ unitslenv),

workspace="500mb")

# Variance components for yield match Barrero table 6.
lucid::vc(m1) [1:5,]

## effect component std
## rep:loc:yearf 0.111

#i# gen 0.505

## gen:yearf  0.05157

## gen:loc  0.02283

## gen:loc:yearf  0.2068

0
0
0.
0
0

.error z.ratio bound
.01092 10 P
.03988 13 P
01472 3.5 P
.0152 1.5 P
.01806 11 P

O O O O O

batchelor.uniformity

summary(vc(ml) [6:112,"component"]) # Means match last row of table 6
Mean 3rd Qu. Max.

## Min. 1st Qu.

Median

## 0.1286 0.3577 0.5571

## End (Not run)

0.8330 1.0322 2.9867

batchelor.uniformity Uniformity trials of apples, lemons, oranges, and walnuts
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Description

Uniformity trials of apples, lemons, oranges, and walnuts, in California & Utah, 1915-1918.

Format

Each dataset has the following format

Tow row
col column

yield yield per tree in pounds

Details

A few of the trees affected by disease were eliminated and the yield was replaced by the
average of the eight surrounding trees.

The following details are from Batchelor (1918).
Jonathan Apples

"The apple records were obtained from a 10-year old Jonathan apple orchard located at
Providence, Utah. The surface soil of this orchard is very uniform to all appearances except
on the extreme eastern edge, where the percentage of gravel increases slightly. The trees
are planted 16 feet apart, east and west, and 30 feet apart north and south.”

Note: The orientation of the field is not given in the paper, but all other fields in the paper
have north at the top, so that is assumed to be true for this field as well. Yields may be
from 1916.

Field width: 8 trees * 16 feet = 128 feet
Field length: 28 rows * 30 feet = 840 feet
Eureka Lemon

The lemon (Citrus limonia) tree yields were obtained from a grove of 364 23-year-old trees,
located at Upland, California. The records extend from October 1, 1915, to October 1, 1916.
The grove consists of 14 rows of 23-year-old trees, extending north and south, with 26 trees
in a row, planted 24 by 24 feet apart. This grove presents the most uniform appearance
of any under consideration [in this paper]. The land is practically level, and the soil is
apparently uniform in texture. The records show a grouping of several low-yielding trees;
yet a field observation gives one the impression that the grove as a whole is remarkably
uniform.

Field width: 14 trees * 24 feet = 336 feet
Field length: 26 trees * 24 feet = 624 feet
Navel 1 at Arlington

These records were of the 1915-16 yields of one thousand 24-year-old navel-orange trees near
Arlington station, Riverside, California. The grove consists of 20 rows of trees from north
to south, with 50 trees in a row, planted 22 by 22 feet. A study of the records shows certain
distinct high- and low-yielding areas. The northeast corner and the south end contain
notably high-yielding trees. The north two-thirds of the west side contains a large number
of low-yielding trees. These areas are apparently correlated with soil variation. Variations
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from tree to tree also occur, the cause of which is not evident. These variations, which are
present in every orchard, bring uncertainty into the results offield experiments.

Field width: 20 trees * 22 feet = 440 feet
Field length: 50 trees * 22 feet = 1100 feet
Navel 2 at Antelope

The navel-orange grove later referred to as the Antelope Heights navels is a plantation of
480 ten-yearold trees planted 22 by 22 feet, located at Naranjo, California. The yields are
from 1916. The general appearance of the trees gives a visual impression of uniformity
greater than a comparison of the individual tree production substantiates.

Field width: 15 trees * 22 feet = 330 feet
Field length: 33 trees * 22 feet = 726 feet
Valencia Orange

The Valencia orange grove is composed of 240 15-year-old trees, planted 21 feet 6 inches by
22 feet 6 inches, located at Villa Park, California. The yields were obtained in 1916.

Field width: 12 rows * 22 feet = 264 feet
Field length: 20 rows * 22 feet = 440 feet
Walnut

The walnut (Juglans regia) yields were obtained during the seasons of 1915 and 1916 from
a 24-year-old Santa Barbara softshell seedling grove, located at Whittier, California. [Note,
The yields here appear to be the 1915 yields.] The planting is laid out 10 trees wide and
32 trees long, entirely surrounded by additional walnut plantings, except on a part of one
side which is adjacent to an orange grove. The trees are planted on the square system, 50
feet apart.

Field width: 10 trees * 50 feet = 500 feet
Field length: 32 trees * 50 feet = 1600 feet

Source

L. D. Batchelor and H. S. Reed. (1918). Relation of the variability of yields of fruit trees to

the accuracy of field trials. J. Agric. Res, 12, 245-283. https://books.google.com/books?id=Lil6AAAAMAA J&Ir&
References

McCullagh, P. and Clifford, D., (2006). Evidence for conformal invariance of crop yields,
Proceedings of the Royal Society A: Mathematical, Physical and Engineering Science, 462,
2119-2143. https://doi.org/10.1098 /rspa.2006.1667

Examples
## Not run:

library(agridat)
libs(desplot)

# Apple
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data(batchelor.apple.uniformity)

desplot(batchelor.apple.uniformity, yield~col*row,
aspect=840/128, tick=TRUE, # true aspect
main="batchelor.apple.uniformity")

# Lemon

data(batchelor.lemon.uniformity)

desplot(batchelor.lemon.uniformity, yield~col*row,
aspect=624/336, # true aspect
main="batchelor.lemon.uniformity")

# Navell (Arlington)

data(batchelor.navell.uniformity)

desplot(batchelor.navell.uniformity, yield~col*row,
aspect=1100/440, # true aspect
main="batchelor.navell.uniformity - Arlington")

# Navel2 (Antelope)

data(batchelor.navel2.uniformity)

desplot(batchelor.navel2.uniformity, yield~col*row,
aspect=726/330, # true aspect
main="batchelor.navel2.uniformity - Antelope")

# Valencia

data(batchelor.valencia.uniformity)

desplot(batchelor.valencia.uniformity, yield~col*row,
aspect=440/264, # true aspect
main="batchelor.valencia.uniformity")

# Walnut

data(batchelor.walnut.uniformity)

desplot(batchelor.walnut.uniformity, yield~col*row,
aspect=1600/500, # true aspect
main="batchelor.walnut.uniformity")

## End (Not run)

o1

battese.survey Survey and satellite data for corn and soy areas in Iowa

Description

Survey and satellite data for corn and soy areas in Iowa

Usage

data("battese.survey")
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battese.survey

Format

A data frame with 37 observations on the following 9 variables.

county county name

segment sample segment number (within county)
countysegs number of segments in county
cornhect hectares of corn in segment

soyhect hectares of soy

cornpix pixels of corn in segment

soypix pixels of soy

cornmean county mean of corn pixels per segment

soymean county mean of soy pixels per segment

Details

The data are for 12 counties in north-central Iowa in 1978.

The USDA determined the area of soybeans in 37 area sampling units (called 'segments’).
Each segment is about one square mile (about 259 hectares). The number of pixels of that
were classified as corn and soybeans came from Landsat images obtained in Aug/Sep 1978.
Each pixel represents approximately 0.45 hectares.

Data originally compiled by USDA.

This data is also available in R packages: 'rsae::landsat’ and JoSAE::landsat’.

Source

Battese, George E and Harter, Rachel M and Fuller, Wayne A. (1988). An error-components
model for prediction of county crop areas using survey and satellite data. Journal of the
American Statistical Association, 83, 28-36. https://doi.org/10.2307/2288915

Battese (1982) preprint version. https://www.une.edu.au/___data/assets/pdf file/0017/15542/emetwpl5.pdf

References

Pushpal K Mukhopadhyay and Allen McDowell. (2011). Small Area Estimation for Survey
Data Analysis Using SAS Software SAS Global Forum 2011.

Examples

## Not run:

library(agridat)
data(battese.survey)
dat <- battese.survey

# Battese fig 1 & 2. Corn plot shows outlier in Hardin county
libs(lattice)

dat <- dat[order(dat$cornpix),]

xyplot (cornhect ~ cornpix, data=dat, group=county, type=c('p','l'),
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main="battese.survey", xlab="Pixels of corn", ylab="Hectares of corn",
auto.key=list (columns=3))

dat <- dat[order(dat$soypix),]

xyplot (soyhect ~ soypix, data=dat, group=county, type=c('p','l'),
main="battese.survey", xlab="Pixels of soy", ylab="Hectares of soy",
auto.key=list (columns=3))

libs(1me4, lucid)

# Fit the models of Battese 1982, p.18. Results match
ml <- Ilmer(cornhect ~ 1 + cornpix + (1|county), data=dat)

fixef (m1)

## (Intercept) cornpix

## 5.4661899  0.3878358

ve(ml)

## grp varl var2 vcov sdcor
##  county (Intercept) <NA> 62.83 7.926
## Residual <NA> <NA> 290.4 17.04
m2 <- lmer(soyhect ~ 1 + soypix + (1|county), data=dat)
fixef (m2)

## (Intercept) soypix

## -3.8223566 0.4756781

ve(m2)

## grp varl var2 vcov sdcor
##  county (Intercept) <NA> 239.2 15.47
## Residual <NA> <NA> 180 13.42

# Predict for Humboldt county as in Battese 1982 table 2
5.4662+.3878%290.74

# 118.2152 # mu_i~0

5.4662+.3878%290.74+ -2.8744

# 115.3408 # mu_i"gamma

(185.35+116.43) /2

# 150.89 # y_i bar

# Survey regression estimator of Battese 1988

# Delete the outlier
dat2 <- subset(dat, !(county=="Hardin" & soyhect < 30))

# Results match top-right of Battese 1988, p. 33
m3 <- 1lmer(cornhect ~ cornpix + soypix + (1lcounty), data=dat2)

fixef (m3)

## (Intercept) cornpix soypix

## 51.0703979 0.3287217 -0.1345684

vc(m3)

#i# grp varl var2 vcov sdcor

##  county (Intercept) <NA> 140 11.83

## Residual <NA> <NA> 147.3 12.14

m4 <- lmer(soyhect ~ cornpix + soypix + (1|county), data=dat2)
fixef (m4)

## (Intercept) cornpix soypix
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## -15.59027098  0.02717639  0.49439320

ve (mé)

## grp varl var2 vcov sdcor
##  county (Intercept) <NA> 247.5 15.73
## Residual <NA> <NA> 190.5 13.8

## End(Not run)

beall.webworms Counts of webworms in a beet field, with insecticide treatments.

Description

Counts of webworms in a beet field, with insecticide treatments.

Usage

data("beall.webworms")

Format

A data frame with 1300 observations on the following 7 variables.

TOW IOwW
col column

y count of webworms

block block

trt treatment

spray spray treatment yes/no

lead lead treatment yes/no

Details

The beet webworm lays egg masses as small as 1 egg, seldom exceeding 5 eggs. The larvae
can move freely, but usually mature on the plant on which they hatch.

Each plot contained 25 unit areas, each 1 row by 3 feet long. The row width is 22 inches.
The arrangement of plots within the blocks seems certain, but the arrangement of the
blocks/treatments is not certain, since the authors say ”since the plots were 5 units long
and 5 wide it is only practicable to combine them into groups of 5 in one direction or the
other”.

Treatment 1 = None. Treatment 2 = Contact spray. Treatment 3 = Lead arsenate. Treat-
ment 4 = Both spray, lead arsenate.

Source

Beall, Geoffrey (1940). The fit and significance of contagious distributions when applied to
observations on larval insects. Ecology, 21, 460-474. Table 6. https://doi.org/10.2307/1930285
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References

Michal Kosma et al. (2019). Over-dispersed count data in crop and agronomy research.
Journal of Agronomy and Crop Science. https://doi.org/10.1111/jac.12333

Examples

## Not run:

library(agridat)
data(beall.webworms)
dat <- beall.webworms

# Match Beall table 1
# with(dat, table(y,trt))

libs(lattice)
histogram(~y|trt, data=dat, layout=c(1,4), as.table=TRUE,
main="beall.webworms")

# Visualize Beall table 6. Block effects may exist, but barely.
libs(desplot)
grays <- colorRampPalette(c("white","#252525"))
desplot(dat, y ~ col*row,
col.regions=grays(10),
at=0:10-0.5,
outl=block, out2=trt, num=trt, f1ip=TRUE, # aspect unknown
main="beall.webworms (count of worms)")

# Following plot suggests interaction is needed
# with(dat, interaction.plot(spray, lead, y))

# Try the models of Kosma et al, Table 1.

# Poisson model
ml <- glm(y ~ block + spray*lead, data=dat, family="poisson")
logLik(ml) # -1497.719 (df=16)

Negative binomial model

1ibs (MASS)

m2 <- glm.nb(y ~ block + spray*lead, data=dat)
logLik(m2) # -1478.341 (df=17)

H H B H

# Conway=Maxwell-Poisson model (takes several minutes)

libs(spaMM)

# estimate nu parameter

m3 <- fitme(y ~ block + spray*lead, data=dat, family = COMPoisson())
logLik(m3) # -1475.999

# Kosma logLik(m3)=-1717 seems too big. Typo? Different model?

## End(Not run)
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beaven.barley Yields of 8 barley varieties in 1913 as used by Student.

Description

Yields of 8 barley varieties in 1913.

Usage

data("beaven.barley")

Format

A data frame with 160 observations on the following 4 variables.

Tow row
col column

gen genotype
yield yield (grams)

Details
Eight races of barley were grown on a regular pattern of plots.
These data were prepared from Richey (1926) because the text was cleaner.

Each plot was planted 40 inches on a side, but only the middle square 36 inches on a side
was harvested.

Field width: 32 plots * 3 feet = 96 feet
Field length: 5 plots * 3 feet = 15 feet

Source

Student. (1923). On testing varieties of cereals. Biometrika, 271-293.
https://doi.org/10.1093 /biomet/15.3-4.271

References

Frederick D. Richey (1926). The moving average as a basis for measuring correlated varia-
tion in agronomic experiments. Jour. Agr. Research, 32, 1161-1175.
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Examples

## Not run:
library(agridat)

data(beaven.barley)
dat <- beaven.barley

# Match the means shown in Richey table IV

tapply(dat$yield, dat$gen, mean)

## a b c d e f g h
## 298.080 300.710 318.685 295.260 306.410 276.475 304.605 271.820

# Compare to Student 1923, diagram I,II

libs(desplot)

desplot(dat, yield ~ colxrow,
aspect=15/96, # true aspect
main="beaven.barley - variety trial", text=gen)

## End (Not run)

becker.chicken Mating crosses of chickens

Description

Mating crosses of chickens

Usage

data("becker.chicken")

Format

A data frame with 45 observations on the following 3 variables.

male male parent
female female parent

weight weight (g) at 8 weeks

Details

From a large flock White Rock chickens, five male sires were chosen and mated to each of
three female dams, producing 3 female progeny. The data are body weights at eight weeks
of age.

Becker (1984) used these data to demonstrate the calculation of heritability.
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Source

Walter A. Becker (1984). Manual of Quantitative Genetics, 4th ed. Page 83.

References

None

Examples

## Not run:

library(agridat)
data(becker.chicken)
dat <- becker.chicken

libs(lattice)

dotplot(weight ~ female, data=dat, group=male,
main="becker.chicken - progeny weight by MxF",
xlab="female parent",ylab="progeny weight",
auto.key=list (columns=5))

# Sums match Becker
# sum(dat$weight)
# aggregate(weight ~ male + female, dat, FUN=sum)

# Variance components
1ibs(1lme4,lucid)
ml <- Ilmer(weight ~ (1|male) + (1|female), data=dat)

# vc(ml)

## grp varl var2 vcov sdcor

## 1 female (Intercept) <NA> 1096 33.1

# 2 male (Intercept) <NA> 776.8 27.87
## 3 Residual <NA> <NA> 5524 74.32
# Calculate heritabilities

# s2m <- 776 # variability for males

# s2f <- 1095 # variability for females

# s2w <- 5524 # variability within crosses

# vp <- s2m + s2f + s2w # 7395

# 4*s2m/vp # .42 male heritability

#4*xs2f/vp # .59 female heritability

## End (Not run)

belamkar.augmented Multi-environment trial of wheat with Augmented design

Description

Multi-environment trial of wheat in Nebraska with Augmented design
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Usage

data("belamkar.augmented")

Format

A data frame with 2700 observations on the following 9 variables.

loc location

rep replicate

iblock incomplete block

gen_new new genotype (1=yes, 0=no)
gen_check check genotype (0=no)
gen genotype name

col column ordinate

row row ordinate

yield yield, bu/ac

Details

The experiment had 8 locations with 270 new, experimental lines (genotypes) and 3 check
lines. There were 10 incomplete blocks at each location. There were 2 replicate blocks at
Alliance and 1 block at all other locations. Fach plot was 3 m long by 1.2 m wide.

The electronic data were found in supplement S4 downloaded from https://doi.org/10.25387/g3.6249410
The license for the data is CC-BY 4.0.

Source

Vikas Belamkar, Mary J. Guttieri, Waseem Hussain, Diego Jarquin, Ibrahim El-basyoni,
Jesse Poland, Aaron J. Lorenz, P. Stephen Baenziger (2018). Genomic Selection in Prelim-
inary Yield Trials in a Winter Wheat Breeding Program. G3 Genes|Genomes|Genetics, 8,
Pages 2735-2747. https://doi.org/10.1534/g3.118.200415

References

Same data appear in ASRtriala package: https://vsni.co.uk/free-software/asrtriala

Examples

## Not run:
library(agridat)
data(belamkar.augmented)
dat <- belamkar.augmented

libs(desplot)

desplot(dat, yield ~ col*rowl|loc, outl=rep, out2=iblock)

# Experiment design showing check placement

dat$gen_check <- factor(dat$gen_check)

desplot(dat, gen_check ~ col*row|loc, outl=rep, out2=iblock,
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main="belamkar.augmented")

# Belamkar supplement S3 has R code for analysis
if (require("asreml", quietly=TRUE)){
library(asreml)

# AR1xAR1 model to calculate BLUEs for a single loc

dl <- droplevels(subset(dat, loc=="Lincoln"))

d1$colf <- factor(di$col)

di$rowf <- factor(di$row)

di$gen <- factor(di$gen)

d1$gen_check <- factor(di$gen_check)

dl <- diforder(di$col),]

dl <- as.data.frame(d1l)

ml <- asreml(fixed=yield ~ gen_check, data=di,
random = ~ gen_new:gen,
residual = ~arl(colf):ariv(rowf) )

pl <- predict(ml, classify="gen")

head (p1$pvals)

}

## End(Not run)

besag.bayesian RCB experiment of spring barley in United Kingdom

Description

RCB experiment of spring barley in United Kingdom

Format
A data frame with 225 observations on the following 4 variables.
col column (also blocking factor)
TOW TOW
yield yield
gen variety/genotype

Details

RCB design, each column is one rep.

Used with permission of David Higdon.

Source

Besag, J. E., Green, P. J., Higdon, D. and Mengersen, K. (1995). Bayesian computation and
stochastic systems. Statistical Science, 10, 3-66. https://www.jstor.org/stable/2246224
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References

Davison, A. C. 2003. Statistical Models. Cambridge University Press. Pages 534-535.

Examples

## Not run:

library(agridat)
data(besag.bayesian)
dat <- besag.bayesian

# Yield values were scaled to unit variance
# var(dat$yield, na.rm=TRUE)
# .999

# Besag Fig 2. Reverse row numbers to match Besag, Davison

dat$rrow <- 76 - dat$row

libs(lattice)

xyplot(yield ~ rrowl|col, dat, layout=c(1,3), type='s',
xlab="row", ylab="yield", main="besag.bayesian")

if (require("asreml", quietly=TRUE)) {
libs(asreml, lucid)

# Use asreml to fit a model with AR1 gradient in rows
dat <- transform(dat, cf=factor(col), rf=factor(rrow))
ml <- asreml(yield ~ -1 + gen, data=dat, random= ~ rf)
ml <- update(ml, random= ~ arlv(rf))

ml <- update(ml)

ml <- update(m1l)

ml <- update(ml)

lucid::ve(ml)

# Visualize trends, similar to Besag figure 2.

# Need 'as.vector' because asreml uses a named vector

dat$res <- unname(mi$resid)

dat$geneff <- coef(ml)$fixed[as.numeric(dat$gen)]

dat <- transform(dat, fert=yield-geneff-res)

libs(lattice)

xyplot(geneff ~ rrow|col, dat, layout=c(1,3), type='s',
main="besag.bayesian - Variety effects", ylim=c(5,15 ))

xyplot(fert ~ rrowl|col, dat, layout=c(1,3), type='s',
main="besag.bayesian - Fertility", ylim=c(-2,2))

xyplot(res ~ rrowl|col, dat, layout=c(1,3), type='s',
main="besag.bayesian - Residuals", ylim=c(-4,4))

}

## End (Not run)
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besag.beans Competition experiment in beans with height measurements

Description

Competition experiment in beans with height measurements

Usage

data("besag.beans")

Format

A data frame with 152 observations on the following 6 variables.

gen genotype / variety
height plot height, cm
yield plot yield, g
row row / block

rep replicate factor

col column

Details

Field beans of regular height were grown beside shorter varieties. In each block, each
variety occurred once as a left-side neighbor and once as a right-side neighbor of every
variety (including itself). Border plots were placed at the ends of each block. Each block
with 38 adjacent plots. Each plot was one row, 3 meters long with 50 cm spacing between
rows. No gaps between plots. Spacing between plants was 6.7 cm. Four blocks (rows) were
used, each with six replicates.

Plot yield and height was recorded.

Kempton and Lockwood used models that adjusted yield according to the difference in
height of neighboring plots.

Field length: 4 plots * 3m = 12m
Field width: 38 plots * 0.5 m = 19m

Source

Julian Besag and Rob Kempton (1986). Statistical Analysis of Field Experiments Using
Neighbouring Plots. Biometrics, 42, 231-251. Table 6. https://doi.org/10.2307,/2531047

References

Kempton, RA and Lockwood, G. (1984). Inter-plot competition in variety trials of field
beans (Vicia faba L.). The Journal of Agricultural Science, 103, 293-302.
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Examples

## Not run:
library(agridat)

data(besag.beans)
dat = besag.beans

libs(desplot)

desplot(dat, yield ~ col*row,
aspect=12/19, outl=row, out2=rep, num=gen, cex=1, # true aspect
main="besag.beans")

libs(reshape2)

# Add a covariate = excess height of neighbors

mat <- acast(dat, row~col, value.var='height')

mat2 <- matrix(NA, nrow=4, ncol=38)

mat2[,2:37] <- (mat[,1:36] + mat[,3:38] - 2*mat[,2:37])
dat2 <- melt(mat2)

colnames(dat2) <- c('row','col','cov')

dat <- merge(dat, dat2)

# Drop border plots
dat <- subset(dat, rep != 'RO')

libs(lattice)

# Plot yield vs neighbors height advantage

xyplot(yield~cov, data=dat, group=gen,
main="besag.beans",
xlab="Mean excess heights of neighbor plots",
auto.key=list (columns=3))

# Trial mean.
mean(dat$yield) # 391 matches Kempton table 3

# Mean excess height of neighbors for each genotype
# tapply(dat$cov, dat$gen, mean)/2 # Matches Kempton table 4

# Variety means, matches Kempton table 4 mean yield
ml <- Im(yield ~ -1 + gen, dat)
coef (m1)

# Full model used by Kempton, eqn 5. Not perfectly clear.
# Appears to include rep term, perhaps within block
dat$blk <- factor(dat$row)

dat$blkrep <- factor(paste(dat$blk, dat$rep))

m2 <- lm(yield ~ -1 + gen + blkrep + cov, data=dat)

coef (m2) # slope 'cov' = -.72, while Kempton says -.79

## End (Not run)
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besag.checks Check variety yields in winter wheat.

Description

Check variety yields in winter wheat.

Usage

data("besag.checks")

Format

A data frame with 364 observations on the following 4 variables.

yield yield, units of 10g
TOW rOw
col column

gen genotype/variety

Details

This data was used by Besag to show the spatial variation in a field experiment, but Besag
did not use the data for any analysis.

Yields of winter wheat varieties (Bounty and Huntsman) at the Plant Breeding Institute,
Cambridge, in 1980. These data are the ’checks’ genotypes in a larger variety trial.

There is a column of checks, then five columns of new varieties. Repeat.
Plot dimensions approx 1.5 by 4.5 metres

Field length: 52 rows * 4.5 m = 234 m

Field width: 31 columns * 1.5 m = 46.5

Electronic version of data supplied by David Clifford.

Source

Besag, J.E. & Kempton R.A. (1986). Statistical analysis of field experiments using neigh-
bouring plots. Biometrics, 42, 231-251. https://doi.org/10.2307/2531047

References

Kempton, Statistical Methods for Plant Variety Evaluation, page 91-92
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Examples

## Not run:
library(agridat)
data(besag.checks)
dat <- besag.checks
libs(desplot)
desplot(dat, yield~col*row,
num=gen, aspect=234/46.5, # true aspect
main="besag.checks")

## End (Not run)

besag.elbatan RCB experiment of wheat, 50 varieties in 8 blocks with strong
spatial trend.

Description

RCB experiment of wheat, 50 varieties in 3 blocks with strong spatial trend.

Format

A data frame with 150 observations on the following 4 variables.

yield yield of wheat
gen genotype, factor with 50 levels
col column/block

Irow Irow

Details

RCB experiment on wheat at El Batan, Mexico. There are three single-column replicates
with 50 varieties in each replicate.

Plot dimensions are not given by Besag.
Data retrieved from https://web.archive.org/web/19991008143232/www.stat.duke.edu/~higdon/trials/elbatan.dat
Used with permission of David Higdon.

Source

Julian Besag and D Higdon, 1999. Bayesian Analysis of Agricultural Field Experiments,
Journal of the Royal Statistical Society: Series B,61, 691-746. Table 1. https://doi.org/10.1111/1467-
9868.00201

References

Wilkinson 1984.
Besag & Seheult 1989.
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Examples

## Not run:

library(agridat)
data(besag.elbatan)
dat <- besag.elbatan

libs(desplot)

desplot(dat, yield~colxrow,
num=gen, # aspect unknown
main="besag.elbatan - wheat yields")

# Besag figure 1
library(lattice)
xyplot(yield~row|col, dat, type=c('l'),
layout=c(1,3), main="besag.elbatan wheat yields")

# RCB
ml <- 1m(yield ~ O + gen + factor(col), dat)
pl <- coef(ml) [1:50]

# Formerly used gam package, but as of R 3.1, Rcmd check --as-cran
# is complaining

# Calls: plot.gam ... model.matrix.gam -> predict -> predict.gam -> array
# but it works perfectly in interactive mode !!!

# Remove the FALSE to run the code below

if(is.element("gam", search())) detach(package:gam)

libs (mgcv)

m2 <- mgcv::gam(yield ~ -1 + gen + factor(col) + s(row), data=dat)
plot(m2, residuals=TRUE, main="besag.elbatan")

pred <- cbind(dat, predict(m2, dat, type="terms"))

# Need to correct for the average loess effect, which is like

# an overall intercept term.

adjlo <- mean(pred$"s(row)")

p2 <- coef(m2)[1:50] + adjlo

# Compare estimates

lims <- range(c(pl,p2))

plot(pl, p2, xlab="RCB prediction",
ylab="RCB with smooth trend (predicted)",
type='n', xlim=lims, ylim=lims,
main="besag.elbatan")

text(pl, p2, 1:50, cex=.5)

abline(0,1,col="gray")

## End (Not run)
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besag.endive Presence of footroot disease in an endive field

Description

Presence of footroot disease in an endive field

Format

A data frame with 2506 observations on the following 3 variables.

col column
ToWw Irow

disease plant is diseased, Y=yes,N=no

Details

In a field of endives, does each plant have footrot, or not? Data are binary on a lattice of
14 x 179 plants.

Modeled as an autologistic distribution.
We assume the endives are a single genotype.

Besag (1978) may have had data taken at 4 time points. This data was extracted from Friel
and Pettitt. It is not clear what, if any, time point was used.

Friel does not give the dimensions. Besag is not available.

Source

J Besag (1978). Some Methods of Statistical Analysis for Spatial Data. Bulletin of the
International Statistical Institute, 47, 77-92.

References

N Friel & A. N Pettitt (2004). Likelihood Estimation and Inference for the Autologistic
Model. Journal of Computational and Graphical Statistics, 13:1, 232-246. https://doi.org/10.1198,/1061860043029

Examples

## Not run:

library(agridat)
data(besag.endive)
dat <- besag.endive

# Incidence map. Figure 2 of Friel and Pettitt
libs(desplot)

grays <- colorRampPalette(c("#d9d9d49","#252525"))
desplot(dat, disease~colxrow,
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col.regions=grays(2),
aspect = 0.5, # aspect unknown
main="besag.endive - Disease incidence")

# Besag (2000) "An Introduction to Markov Chain Monte Carlo" suggested
# that the autologistic model is not a very good fit for this data.
# We try it anyway. No idea if this is correct or how to interpret...

libs(ngspatial)

A = adjacency.matrix(179,14)

X = cbind(x=dat$col, y=dat$row)

Z = as.numeric(dat$disease=="Y")

ml <- autologistic(Z ~ O0+X, A=A, control=list(confint="none"))

summary (m1)

## Coefficients:

## Estimate Lower Upper MCSE
## Xx -0.007824 NA NA NA
## Xy -0.144800 NA NA NA
## eta 0.806200 NA NA NA

if (require("asreml", quietly=TRUE)) {
libs(asreml,lucid)

# Now try an AR1xAR1 model.
dat2 <- transform(dat, xf=factor(col), yf=factor(row),
pres=as.numeric(disease=="Y"))

m2 <- asreml(pres ~ 1, data=dat2,
resid = ~arl(xf):ari(yf))
# The 0/1 response is arbitrary, but there is some suggestion
# of auto-correlation in the x (.17) and y (.10) directions,
# suggesting the pattern is more 'patchy' than just random noise,
# but is it meaningful?

lucid: :vc(m2)

#i# effect component std.error z.ratio bound

#it xf:yf(R) 0.1301  0.003798 34 P 0

## xf:yf!lxflcor 0.1699 0.01942 8.7 u o

## xf:yflyflcor 0.09842 0.02038 4.8 Uu o0
}

## End(Not run)

besag.met

besag.met Multi-environment trial of corn, incomplete-block design
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Description

Multi-environment trial of corn, incomplete-block designlocation.

Format

A data frame with 1152 observations on the following 7 variables.

county county

TOW rOw

col column

rep rep

block incomplete block
yield yield

gen genotype, 1-64

Details

Multi-environment trial of 64 corn hybrids in six counties in North Carolina. Each location
had 3 replicates in in incomplete-block design with an 18x11 lattice of plots whose length-
to-width ratio was about 2:1.

Note: In the original data, each county had 6 missing plots. This data has rows for each
missing plot that uses the same county/block/rep to fill-out the row, sets the genotype to
GO1, and sets the yield to missing. These missing values were added to the data so that
asreml could more easily do ARIxARI1 analysis using rectangular regions.

Each location/panel is:

Field length: 18 rows * 2 units = 36 units.

Field width: 11 plots * 1 unit = 11 units.

Retrieved from https://web.archive.org/web/19990505223413 /www.stat.duke.edu/~higdon/trials/nc.dat
Used with permission of David Higdon.

Source

Julian Besag and D Higdon, 1999. Bayesian Analysis of Agricultural Field Experiments,
Journal of the Royal Statistical Society: Series B, 61, 691-746. Table 1. https://doi.org/10.1111/1467-
9868.00201

Examples
## Not run:
library(agridat)

data(besag.met)
dat <- besag.met

libs(desplot)
desplot(dat, yield ~ col*row|county,
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#

datm <- aggregate(yield ~ county + gen, data=dat, FUN=mean)

#
#

#
#
#
#
#
#

#

if (require("asreml", quietly=TRUE)) {

aspect=36/11, # true aspect

outl=rep, out2=block,

main="besag.met")

Average reps

besag.met

Sections below fit heteroskedastic variance models (variance for each variety)
asreml takes 1 second, lme 73 seconds, SAS PROC MIXED 30 minutes

1lme
libs(nlme)

mil <- lme(yield ~ -1 + gen, data=datm, random=~1|county,
weights = varIdent(form=~ 1|gen))
mil$sigma~2 * c(1, coef(mll$modelStruct$varStruct, unc
GO8

# GO2 GO3

# ... etc

libs(asreml, lucid)

# Average reps

GO4

GO7
## 91.90 210.75 63.03 112.05 28.39 237.36 72.72 42.97

FALSE)) "2

datm <- aggregate(yield ~ county + gen, data=dat, FUN=mean)

# asreml Using 'rcov' ALWAYS requires sorting the data
datm <- datm[order(datm$gen),]

ml <- asreml(yield ~ gen, data=datm,

random = ~ county,

residual = ~ dsum( ~ units|gen))
ve(ml) [1:7,]
## effect component std.error z.ratio bound
## county 1324 836.1 1.6 P 0.2
## gen_GO1!'R 91.98 58.91 1.6 P O.1
## gen_GO2!'R 210.6 133.6 1.6 P 0.1
## gen_GO3!'R 63.06 40.58 1.6 P 0.1
## gen_GO4!'R 112.1 71.59 1.6 P 0.1
## gen_GO5!'R 28.35 18.57 1.5 P 0.2
## gen_GO6!'R 237.4 150.8 1.6 PO
# We get the same results from asreml & lme
# plot(mi$vparameters[-1],
# mil$sigma™2 * c(1, coef(mll$modelStruct$varStruct, unc = FALSE))~2)

# The following example shows how to construct a GxE biplot

# from the FA2 model.

dat <- besag.met

dat <- transform(dat, xf=factor(col), yf=factor(row))
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dat <- dat[order(dat$county, dat$xf, dat$yf), ]

# First, AR1xAR1
ml <- asreml(yield ~ county, data=dat,

random = ~ gen:county,

residual = ~ dsum( ~ arl(xf):arl(yf)|county))
# Add FA1
m2 <- update(ml, random=~gen:fa(county,1)) # rotate.FA=FALSE
# FA2

m3 <- update(m2, random=~gen:fa(county,2))
asreml.options(extra=50)

m3 <- update(m3, maxit=50)
asreml.options(extra=0)

# Use the loadings to make a biplot

vars <- vc(m3)

psi <- vars[grepl("!var$", vars$effect), "component"]
lal <- vars[grepl("!fal$", vars$effect), "component"]
la2 <- vars[grepl("!fa2$", vars$effect), "component"]
mat <- as.matrix(data.frame(psi, lal, la2))

# I tried using rotate.fa=FALSE, but it did not seem to
# give orthogonal vectors. Rotate by hand.

rot <- svd(mat[,-1])$v # rotation matrix

lam <- mat[,-1]

colnames(lam) <- c("loadl", "load2")

co3 <- coef(m3)$random # Scores are the GXE coefficients
ixl <- grepl("_Compl$", rownames(co3))

ix2 <- grepl("_Comp2$", rownames(co3))

sco <- matrix(c(co3[ix1], co3[ix2]), ncol=2, byrow=FALSE)
sco <- sco

dimnames (sco) <- list(levels(dat$gen) , c('loadl','load2'))
rownames (lam) <- levels(dat$county)

sco[,1:2] <- -1 * sco[,1:2]

lam[,1:2] <- -1 * lam[,1:2]

biplot(sco, lam, cex=.5, main="FA2 coefficient biplot (asreml)")
# G variance matrix

gvar <- lam

# Now get predictions and make an ordinary biplot

p3 <- predict(m3, data=dat, classify="county:gen")

p3 <- p3$pvals

libs("gge")

bi3 <- gge(p3, predicted.value ~ gen*county, scale=FALSE)

if (interactive()) dev.new()

# Very similar to the coefficient biplot

biplot(bi3, stand=FALSE, main="SVD biplot of FA2 predictions")

## End(Not run)



72 besag.triticale

besag.triticale Four-way factorial agronomic experiment in triticale

Description

Four-way factorial agronomic experiment in triticale

Usage

data("besag.triticale")

Format
A data frame with 54 observations on the following 7 variables.
yield yield, g/m™2
TOoW row
col column
gen genotype / variety, 3 levels
rate seeding rate, kg/ha
nitro nitrogen rate, kw/ha

regulator growth regulator, 3 levels

Details

Experiment conducted as a factorial on the yields of triticale. Fully randomized. Plots were
1.5m x 5.5m, but the orientation is not clear.

Besag and Kempton show how accounting for neighbors changes non-significant genotype
differences into significant differences.
Source
Julian Besag and Rob Kempton (1986). Statistical Analysis of Field Experiments Using
Neighbouring Plots. Biometrics, 42, 231-251. Table 2. https://doi.org/10.2307/2531047
References

None.

Examples

## Not run:

library(agridat)

data(besag.triticale)

dat <- besag.triticale

dat <- transform(dat, rate=factor(rate), nitro=factor(nitro))
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dat <- transform(dat, xf=factor(col), yf=factor(row))

libs(desplot)

desplot(dat, yield ~ col*row,
# aspect unknown
main="besag.triticale")

Besag & Kempton are not perfectly clear on the model, but
indicate that there was no evidence of any two-way interactioms.
A reduced, main-effect model had genotype effects that were
"close to significant" at the five percent level.

The model below has p-value of gen at .04, so must be slightly
different than their model.

m2 <- 1m(yield ~ gen + rate + nitro + regulator + yf, data=dat)
anova(m2)

H OH H H HH

# Similar, but not exact, to Besag figure 5

dat$res <- resid(m2)

libs(lattice)

xyplot(res ~ collas.character(row), data=dat,
as.table=TRUE, type="s", layout=c(1,3),
main="besag.triticale")

if (require("asreml", quietly=TRUE)) {
libs(asreml)

# Besag uses an adjustment based on neighboring plots.
# This analysis fits the standard AR1xAR1 residual model

dat <- dat[order(dat$xf, dat$yf), ]

m3 <- asreml(yield ~ gen + rate + nitro + regulator +
gen:rate + gen:nitro + gen:regulator +
rate:nitro + rate:regulator +
nitro:regulator + yf, data=dat,

resid = ~ arl(xf):ari(yf))

wald(m3) # Strongly significant gen, rate, regulator

## Df Sum of Sq Wald statistic Pr(Chisq)

## (Intercept) 1 1288255 103.971 < 2.2e-16 *x*x
## gen 2 903262 72.899 < 2.2e-16 *xx*
## rate 1 104774 8.456 0.003638 *x*
## nitro 1 282 0.023 0.880139

## regulator 2 231403 18.676 8.802e-05 *x*x
## yf 2 3788 0.306 0.858263

## gen:rate 2 1364 0.110 0.946461

## gen:nitro 2 30822 2.488 0.288289

## gen:regulator 4 37269 3.008 0.556507

## rate:nitro 1 1488 0.120 0.728954

## rate:regulator 2 49296 3.979 0.136795

## nitro:regulator 2 41019 3.311 0.191042

## residual (MS) 12391
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## End(Not run)

blackman.wheat Multi-environment trial of wheat, conventional and semi-dwarf
varieties

Description

Multi-environment trial of wheat, conventional and semi-dwarf varieties, 7 locs with low /high
fertilizer levels.

Format

A data frame with 168 observations on the following 5 variables.

gen genotype

loc location

nitro nitrogen fertilizer, low/high
yield yield (g/m™2)

type type factor, conventional/semi-dwarf

Details

Conducted in U.K. in 1975. Each loc had three reps, two nitrogen treatments.

Locations were Begbroke, Boxworth, Crafts Hill, Earith, Edinburgh, Fowlmere, Trumping-
ton.

At the two highest-yielding locations, Earith and Edinburgh, yield was _lower__ for the
high-nitrogen treatment. Blackman et al. say ”it seems probable that effects on develop-
ment and structure of the crop were responsible for the reductions in yield at high nitrogen”.

Source

Blackman, JA and Bingham, J. and Davidson, JL (1978). Response of semi-dwarf and
conventional winter wheat varieties to the application of nitrogen fertilizer. The Journal of
Agricultural Science, 90, 543-550. https://doi.org/10.1017/S0021859600056070

References

Gower, J. and Lubbe, S.G. and Gardner, S. and Le Roux, N. (2011). Understanding Biplots,
Wiley.
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Examples

## Not run:

library(agridat)
data(blackman.wheat)
dat <- blackman.wheat

libs(lattice)

# Semi-dwarf generally higher yielding than conventional
# bwplot(yield~typelloc,dat, main="blackman.wheat")

# Peculiar interaction--Ear/Edn locs have reverse nitro response
dotplot(gen~yield|loc, dat, group=nitro, auto.key=TRUE,
main="blackman.wheat: yield for low/high nitrogen")

# Height data from table 6 of Blackman. Height at Trumpington loc.
# Shorter varieties have higher yields, greater response to nitro.
heights <- data.frame(gen=c("Cap", "Dur", "Fun", "Hob", "Hun", "Kin",
"Ran", "Spo", "T64", "T68","T95", "Tem"),
ht=c(101,76,76,80,98,88,98,81,86,73,78,93))
dat$height <- heights$ht[match(dat$gen, heights$gen)]
xyplot(yield~height|loc,dat,group=nitro,type=c('p','r'),
main="blackman.wheat",
subset=loc=="Tru", auto.key=TRUE)

libs(reshape2)

# AMMI-style biplot Fig 6.4 of Gower 2011

dat$env <- factor(paste(dat$loc,dat$nitro,sep="-"))

datm <- acast(dat, gen~env, value.var='yield')

datm <- sweep(datm, 1, rowMeans(datm))

datm <- sweep(datm, 2, colMeans(datm))

biplot (prcomp(datm), main="blackman.wheat AMMI-style biplot")

## End (Not run)
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bliss.borers Corn borer infestation under four treatments

Description

Corn borer infestation under four treatments

Format

A data frame with 48 observations on the following 3 variables.
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borers number of borers per hill
treat treatment factor

freq frequency of the borer count

Details

Four treatments to control corn borers. Treatment 1 is the control.

In 15 blocks, for each treatment, 8 hills of plants were examined, and the number of corn
borers present was recorded. The data here are aggregated across blocks.

Bliss mentions that the level of infestation varied significantly between the blocks.

Source

C. Bliss and R. A. Fisher. (1953). Fitting the Negative Binomial Distribution to Biological
Data. Biometrics, 9, 176-200. Table 3. https://doi.org/10.2307/3001850

Geoffrey Beall. 1940. The Fit and Significance of Contagious Distributions when Applied to
Observations on Larval Insects. Ecology, 21, 460-474. Page 463. https://doi.org/10.2307/1930285

Examples

## Not run:

library(agridat)
data(bliss.borers)
dat <- bliss.borers

# Add O frequencies

dat0 <- expand.grid(borers=0:26, treat=c('T1','T2','T3','T4'))
dat0 <- merge(datO,dat, all=TRUE)

datO$freql[is.na(datO$freq)] <- 0

# Expand to individual (non-aggregated) counts for each hill
dd <- data.frame(borers = rep(datO$borers, times=datO$freq),
treat = rep(datO$treat, times=datO$freq))

libs(lattice)
histogram(~borers|treat, dd, type='count', breaks=0:27-.5,
layout=c(1,4), main="bliss.borers", xlab="Borers per hill")

libs (MASS)
ml <- glm.nb(borers~O+treat, data=dd)
# Bliss, table 3, presents treatment means, which are matched by:
exp(coef(ml)) # 4.033333 3.166667 1.483333 1.508333
# Bliss gives treatment values k = c¢(1.532,1.764,1.333,1.190).
# The mean of these is 1.45, similar to this across-treatment estimate
mi$theta # 1.47

# Plot observed and expected distributions for treatment 2
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libs(latticeExtra)
xx <- 0:26

yy <- dnbinom(0:26, mu=3.17, size=1.47)*120 # estimates are from glm.nb

histogram(~borers, dd, type='count', subset=treat=='T2',
main="bliss.borers - trt T2 observed and expected",
breaks=0:27-.5) +
xyplot (yy~xx, col='navy', type='b')

# "Poissonness"-type plot

libs(ved)
dat2 <- droplevels(subset(dat, treat=='T2'))
ved: :distplot(dat2$borers, type = "nbinomial",

main="bliss.borers neg binomialness plot")

# Better way is a rootogram
gl <- vcd::goodfit(dat2$borers, "nbinomial")
plot(gl, main="bliss.borers - Treatment 2")

## End (Not run)

7

bond.diallel Diallel cross of winter beans

Description

Diallel cross of winter beans

Format
A data frame with 36 observations on the following 3 variables.

female female parent

male male parent

yield yield, grams/plot

stems stems per plot

nodes podded nodes per stem
pods pods per podded node
seeds seeds per pod

weight weight (g) per 100 seeds
height height (cm) in April
width width (cm) in April

flower mean flowering date in May

Details

Yield in grams/plot for full diallel cross between 6 inbred lines of winter beans. Values are

means over two years.
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Source

D. A. Bond (1966). Yield and components of yield in diallel crosses between inbred lines of
winter beans (Viciafaba). The Journal of Agricultural Science, 67, 325-336. https://doi.org/10.1017/S00218596000

References

Peter John, Statistical Design and Analysis of Experiments, p. 85.

Examples

## Not run:

library(agridat)
data(bond.diallel)
dat <- bond.diallel

# Because these data are means, we will not be able to reproduce
# the anova table in Bond. More useful as a multivariate example.

libs(corrgram)
corrgram(dat[ , 3:11], main="bond.diallel",
lower=panel.pts)

# Multivariate example from sommer package
corrgram(dat[,c("stems","pods","seeds")],
lower=panel.pts, upper=panel.conf, main="bond.diallel")

1libs(sommer)
ml <- mmer(cbind(stems,pods,seeds) ~ 1,

random= ~ vs(female)+vs(male),
rcov= ~ vs(units),
dat)

#### genetic variance covariance
cov2cor (mi$sigma$ - u:female™)
cov2cor (mi$sigma$ u:male”)
cov2cor(mi$sigma$ u:units™)

## End (Not run)

bose.multi.uniformity
Uniformity trials of barley, wheat, lentils

Description

Uniformity trials of barley, wheat, lentils in India 1930-1932.
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Usage

data("bose.multi.uniformity")

Format

A data frame with 1170 observations on the following 5 variables.

year year
crop crop

row row ordinate
col column ordinate

yield yield per plot in grams

Details

A field about 1/4 acre was sown in three consecutive years (beginning in 1929-1930) with
barley, wheat, and lentil.

At harvest, borders 3 feet on east and west and 6 feet on north and south were removed.
The field was divided into plots four fee