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Facts

- Most ecological datasets require complex analysis of
variance.

- This is now commonly done with mixed models.

- R is bad at this, but fortunately there is ASReml that can be
used with R.

Difference among fitting method in R
- Ime4

- nlme

- ASReml
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Software

SAS: proc mixed

ASREML

aML

SPSS: Linear Mixed Models

STATA: xtreg, gllamm, xtmixed

R: the Ime, glmer, MCMCgImm function
S+: linear mixed models

Gauss

Matlab

Genstat: REML
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 library(asreml);data(oats)
o oats[1,]

Blocks Nitrogen Subplots Variety  Woplots vyield
1 0.6 _cwt 1 Marvellous 1 156



 xtabs(~Blocks+Nitrogen,data=o0ats)
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 data=oats[sample(1:nrow(oats),40),]
 xtabs(~Blocks+Nitrogen,data=data)

Nitrogen
Blocks 0 cwt 0.2 cwt 0.4 cwt 0.6 cwt
1 1 3 1 2
2 1 1 0 2
3 3 1 1 2
4 2 1 2 3
5 3 2 3 0
6 2 2 1 1



o oats.asrl <- asreml(yield ~ Variety*Nitrogen, random = ~ Blocks/Wplots, data=data)

oat.asrl
---- Wald tests:

Df denDF F.inc Pr
(Intercept) 1 4.7 255.300 3.037e-05 ***
Variety 2 7.6 0.396 0.6862
Nitrogen 3 15.8 35.040 3.169e-07 ***
Variety:Nitrogen 6 16.5 2.074 0.1125

Signif. codes: 0 ***'0.001 **' 0.01“* 0.05‘0.1°'1

---- Variance components:
gamma component std.error z.ratio constraint

Blocks!Blocks.var 1.568704 183.0749 175.47107 1.043334 Positive

Blocks:Wplots!Blocks.var 1.343620 156.8065 113.66641 1.379533 Positive

Rlvariance 1.000000 116.7045 44.71473 2.609980 Positive
oats.asr

---- Wald tests:
Df denDF F.inc Pr
(Intercept) 1 5245.100 1.932e-05 ***

Balanced data:

i 14 Variety 2 10 1.485 0.2724
oats_.asr < _asreml(yleld Nitrogen 3 45 37.690 2.458e-12 ***
Variety*Nitrogen, Variety:Nitrogen 6 45 0.303 0.9322
random = ~ Blocks/Wplots, Signif. codes: 0 ****'0.001 “** 0.01 *'0.05° 0.1’ 1
data=oats)

---- Variance components:

gamma component std.error z.ratio constraint
Blocks!Blocks.var 1.2111647 214.4771 168.83404 1.270343 Positive
Blocks:Wplots!Blocks.var 0.5989373 106.0618 67.87553 1.562593 Positive
Rlvariance 1.0000000 177.0833 37.33244 4.743416 Positive
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library(nlme)

ptm <- proc.time()

> |mel=Ime(apd5~logdbh,random=~logdbh|sp+index20/index10,data=1Apd_all)

£ % T-na.fail.default(list(logdbh = ¢(4.44500143383527, 0.182321556793955, :
missing values in object

> proc.time() — ptm

ptm <- proc.time()

> Iml1=Imer(apd5~logdbh+(logdbh|sp)+(1|index20/index10),data=1Apd_all)

THEER:

In checkConv(attr(opt, "derivs"), opt$par, ctrl = control$checkConv, :
Model failed to converge with max|grad| = 0.00991102 (tol = 0.002)

> proc.time() - ptm
user system elapsed

84.445 1.554 86.012
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> Imel=asreml(apd5~logdbh,random=~sp+logdbh:sp+index20/index10,data=IApd_all,workspace=30e07)

ASReml: Thu Aug 14 09:06:02 2014

LogLik S2 DF wall cpu
379528.3291  0.0057184773 09:06:21 18.4
379754.3880  0.005;
379981.0217  0.005; ' l . | o
380146.5450  0.0051, i
380201.8266  0.00575 | [ §
380213.5970  0.0051) . | [ &
380214.4784 0.0057 | i R
380214.4828  0.005’ 10 o5 00 05 |
380214.4831  0.005; Residuas
380214.4828  0.005;

Finished on: Thu Aug 1

R esaiuals

LogLikelihood Converc
> proc.time() - ptm

Residuals

user system elapsed 0z 04
155.872 1.235157.07¢

T
100000

Unit number

150000
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Frequency of observations

mean y (response variable)

y = f(influencing variables)

Goal of statistical analysis: finding pattern in data



Method of finding pattern in data

var (y) = systematic variation + random variation

A A

signal noise

N N

Variance components

Variance components
or effects

Fitting statistical model - estimate effects b, b,, etc.
Decomposing variation -> estimate variance components and construct tests.
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Constructing tests

We want to find out if our data belong to a single or several statistical
populations. Let's assume that we have an x-variable that allows us to make
groups that are potentially representing different statistical populations:

y
1 : - t =
)
1 |\}\
1 —_ 1 1N
[ —p-21 .
S ! Y2 ] with > 2 groups
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y AN '
—_ _|__:_}|__. : — =
Y1 : J I
12" :
g' E F < 1 strange: pair from different
i -2 X groups on average less difference

than pair from same group!
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The structure of general(ized) linear (mixed) models

var (y) = systematic variation + random variation
treatment model error model
typically fixed effects typically random effects
typically crossed, typically hierarchical,
factorial nested
Fixed effect: “all out of few”, interest in each group

- means and effects

Random effect:  “few out of many”, interest in variation among groups
—> extrapolation to “many”

Attention: “few” in fixed effects is less than “few” in random effects!
(see Green & Tukey 1960)
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General points

Statistical model: y=m+a+b+..+e

Analysis of variance: SS =SS, +SS,+...+SS,

Dividing by degrees of freedom:

MS > MS ., MS,, ..., MS

total e

Using size of MS to test importance of term in model:
F=MS _/MS = (s?°,+kS?) /s’

Think about it this way: difference between 2 units from A=1and A=2is at
least as large or larger than between 2 units from the same level of Al



Simulation of planned experiment

# Simulating data for precipitation experiment

# Prepare variables to be calculated later:
yvariable=blockresiduals=plotresiduals=unitresiduals=NULL

# Generate subplot variable:
subplots=seq(1:30)

# Generate factors:
plots=factor(gl(15,2)) # not yet randomly assigned, but doesn't matter for
simulation

blocks=factor(gl(5,6))
treats=factor(gl(3,2,length=30),labels=c(*'50","100","150"))
veg=factor(gl(2,1,length=30),labels=c("grass",""shrub™))



Simulation of planned experiment

# Set the mean:

mu=100

# Set starting value of random number generator
# so we always get same result:

set.seed(123)

# Make residuals with variance s2:

VCunits=25 # increase to see effect of residual variation
unitresiduals[1:30]=rnorm(30)*sqrt(\VVCunits)
unitresiduals=unitresiduals-mean(unitresiduals)

# Make plot and block residuals with corresponding variance components:
VCplots=9 # increase to see effect of plot variation
plotresiduals[1:15]=rnorm(15)*sqrt(\VVCplots)
plotresiduals=plotresiduals-mean(plotresiduals)

VCblocks=0 # this time set to zero
blockresiduals[1:5]=rnorm(5)*sqrt(\VVCblocks)
blockresiduals=blockresiduals-mean(blockresiduals)



Simulation of planned experiment (continued)

# Make treatment effects:
trteff=c(-10,5,5)

# Make vegetation effects:
vegeff=c(-20,20)

# Generate dependent variable:

yvariable[1:30]=mu+blockresiduals[blocks]+trteff[treats]+plotresiduals[plots]+vegeff[veg]+unitresiduals

# Show data frame:

data.frame(blocks,treats,plots,veg,yvariable)
blocks treats plots veg yvariable

1 1 50 1grass 67.82666

2 1 50 1shrub109.47816

3 1 100 2grass 91.25798

30 5 150 15 shrub134.24261

# Consistency checks:

nlevels(treats)

[1]13

cor(as.numeric(blocks),as.numeric(treats)) # orthogonality
[1]0

# Summary statistics:

mean(yvariable)

[1] 100
tapply(yvariable,list(treats,veg),length)
grass shrub

50 5 5

100 5 5

150 5 5

pf factors

tapply(yvariable,list(treats,veg),mean)
grass shrub

50 69.85477 105.9332

100 85.59894 126.8601

150 85.40344 126.3495

tapply(yvariable,blocks,length)

12345

66666

tapply(yvariable,blocks,mean)

1 2 3 4 5

102.61193 101.44403 99.76383 95.72311 100.45709
# Plots:
plot(yvariable~treats)

120

yvarinkle
100

80




Simulation of planned experiment (continued 2)

# Preliminary analysis:

summary(aov(yvariable~blocks+treats+veg+treats:veg+Error(plots)))
Error: plots

Df Sum Sq Mean Sq F value Pr(GF)
blocks 4 164.8 41.2 0.639 0.6492
treats 2 2199.0 1099.5 17.065 0.0013 **
Residuals 8 515.4 64.4

Signif. codes: 0O "*** 0.001 "**" 0.01 *** 0.05 "." 0.1 *©

Error: Within
DFf Sum Sq Mean Sq F value Pr(GF)

veg 1 11660 11660 427.187 9.5e-11 ***
treats:veg 2 42 21 0.773 0.483
Residuals 12 328 27

Signif. codes: 0O "*** 0.001 "**" 0.01 **" 0.05 "." 0.1 *©

# Check assumptions:
modell=Im(yvariable~blocks+treats+plots+veg+treats:veq)
par(mfrow=c(2,2))

plot(modell)

Reslduals
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Simulation of planned experiment (continued 3)

# Mixed model analysis with ASReml:
library(asreml)
library(pascal)
model2=asreml(fixed=yvariable~treats+veg+treats:veg,random=~blocks+plots)
test.asreml(model2) # function from Pascal for nice output
---- Wald tests:
Df denDF  F.inc Pr
(Intercept) 1 12 5292.0 <2.2e-16 ***
treats 2 12 19.4 0.0001739 ***
veg 1 12 427.2  9.498e-11 ***
treats:veg 2 12 0.8 0.4831817

---- Stratum variances:

df Variance plots R!variance
plots 12 56.68498 1.999998 1
Rlvariance 12 27.29388 0.000000 1
---- Variance components:

gamma component std.error z.ratio  constraint

blocks!blocks.var 5.768099e-07 1.574338e-05 6.427208e-06 2.449490 Boundary
plots!plots.var 5.384195e-01 1.469556e+01 1.284223e+01 1.144315 Positive
Rlvariance 1.000000e+00 2.729388e+01 1.114268e+01 2.449490 Positive



Simulation of Haihua’s planned experiment (continued 4)

# Pascal’s correction to get negative variance components:
model3=asreml.nvc(fixed=yvariable~treats+veg+treats:veg,random=~blocks+plots)
test.asreml(model3)
---- Wald tests:
Df denDF  F.inc Pr
(Intercept) 1 4 7282.0 1.130e-07 ***
treats 2 8 17.1 0.0013 **
veg 1 12 427.2  9.498e-11 ***
treats:iveg 2 12 0.8 0.4832

---- Stratum variances:

df Variance blocks plots R!variance
blocks 441.19585 6 2 1
plots 864.42960 0 2 1
Rlvariance 1227.29389 0 O 1
---- Variance components:

gamma component  std.error  z.ratio constraint

blocks!blocks.var -0.1418740 -3.872292 7.238673 -0.534945  Unconstrained
plots!plots.var ~ 0.6802936 18.567856  17.043714 1.089425  Unconstrained
R!variance 1.0000000 27.293888  11.142683 2.449490  Positive



SLEPS

o ZEEREHUE:
 MZ2c<asreml(fixed=PC1~F1,rcov=~aexp(x.coord,y.coord),data=data)

e m2b<-
asreml(fixed=PC1~F1,rcov=~arl(x.coord):arl(y.coord),data=data)

o Hth4e:

 Ime

« gimmPQL

« Gils

 Dorman, F. C. et al. 2007.Methods to account for spatial autocorrelation in
the analysis of species distributional data: a review. Ecography.



ARG ZRERIZER!

Im1 <- asreml(yield ~ Variety*Nitrogen, random = ~ Blocks/Wplots,
data=oats)

Im2 <- Ime(yield ~ Variety*Nitrogen, random = ~ 1|Blocks/Wplots,
data=oats)

Im3 <- Imer(yield ~ Variety*Nitrogen+(1|Blocks/Wplots), data=0ats)

24



ARG ZRERIZER!

Asreml:

test.asremi(im1l)
---- Wald tests:
Df denDF F.inc Pr
(Intercept) 1 5 245.100 1.932e-05 ***
Variety 2 10 1.485 0.2724
Nitrogen 3 45 37.690 2.458e-12 ***
Variety:Nitrogen 6 45 0.303 0.9322
Signif. codes: 0 “***" 0.001 ** 0.01 ** 0.05°'"0.1'"1

---- Variance components:

gamma component std.error z.ratio constraint
Blocks!Blocks.var 1.2111647 214.4771 168.83404 1.270343 Positive
Blocks:Wplots!Blocks.var 0.5989373 106.0618 67.87553 1.562593 Positive
Rlvariance 1.0000000 177.0833 37.33244 4.743416 Positive
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summary(Im1,all=T)$coef.fixed

Variety Marvellous:Nitrogen 0.2 cwt
Variety Marvellous:Nitrogen 0.4 cwt
Variety Marvellous:Nitrogen 0.6 _cwt
Variety Victory:Nitrogen 0.2 cwt
Variety Victory:Nitrogen 0.4 cwt
Variety Victory:Nitrogen 0.6 _cwt
Nitrogen 0.2 _cwt

Nitrogen 0.4 _cwt

Nitrogen 0.6 _cwt

Variety Marvellous

Variety Victory

(Intercept)

solution
3.3333333
-4.1666667
-4.6666667
-0.3333333
4.6666667
2.1666667
18.5000000
34.6666667
44.8333333
6.6666667
-8.5000000
80.0000000

std error
10.865337
10.865337
10.865337
10.865337
10.865337
10.865337
7.682954
7.682954
7.682954
9.715025
9.715025

9.106977

Z ratio
0.3067860
-0.3834825
-0.4295004
-0.0306786
0.4295004
0.1994109
2.4079281
45121535
5.8354293
0.6862223
-0.8749334
8.7844734
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