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1 Introduction

The doBy package provides some facilities for improved tests for model reductions in lin-
ear mixed models (when these are fitted with the Imer() function in the lme4 package.
Currently, model comparison in the Ime4 implementation is based on the large sample x?
approximation of the likelihood ratio statistic (LRT).

We have implemented the following alternatives:

e One approach is based on constructing an "F-like” statistic and then estimating the
denominator degrees of freedom using the Kenward-Roger method.

e The other approach is based on estimating the reference distribution in different ways
using parametric bootstrap methods.



1.1 Motivation: Sugar beets - A split—plot experiment

Dependence of yield [kg] and sugar percentage of sugar beets on harvest time and sowing
time is investigated.

Five sowing times and two harvesting times were used.

The experiment was laid out in three blocks.

Experimental plan for sugar beets experiment

Sowing times:
1: 4/4, 2: 12/4, 3: 21/4, 4: 29/4, 5: 18/5

Harvest times:
1: 2/10, 2: 21/10

Plot allocation:

| Block 1 | Block 2 | Block 3 |
e e |- +
Plot | 11111 ] 2222211111 | Harvest time
1-156 | 34521132451 ]| 52341 | Sowing time
| === | -————————= | -————————= |
Plot | 22222 111111] 22222 | Harvest time
16-30 | 21543 41325 | 14325 | Sowing time
| |

Let h denote harvest time (h = 1,2), b denote block (b = 1,2,3) and s denote sowing time
(s=1,...,5). Let H=2, B=3and S =5.

For simplicity we assume that there is no interaction between sowing and harvesting times.
A typical model for such an experiment would be:

Ynbs = b+ o + By + Vs + Upp + €nps, (1)

where Uy, ~ N(0,w?) and €5 ~ N(0, 02).

Notice that Uy, describes the random variation between whole-plots (within blocks).

data(beets)
head (beets)

harvest block sow yield sugpct
harvl blockl sow3 128.0 17.
harvl blockl sow4 118. 16.
harvl blockl sowb 95. 16.
harvl blockl sow2 131. 17.
harvl blockl sowl 136. 17.
harv2 block2 sow3 136. 17.
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1.2 The ”correct” F—test

As the design is balanced we can test the effect of sowing and harvesting times using an
F—statistic.

beets$bh <- with(beets, interaction(block, harvest))
summary (aov (sugpct “block+sow+harvest+Error (bh), beets))

Error: bh

Df Sum Sq Mean Sq F value Pr(>F)
block 2 0.0327 0.0163 2.58 0.28
harvest 1 0.0963 0.0963 15.21 0.06 .
Residuals 2 0.0127 0.0063

Signif. codes: 0 &€7**xa€™ 0.001 a€~x*a€™ 0.01 a€~xa€™ 0.05 a€~.a€™ 0.1 a€~ a€™ 1

Error: Within

Df Sum Sq Mean Sq F value Pr(>F)
sow 4 1.01 0.2525 101 5.7e-13 **x
Residuals 20 0.05 0.0025

Signif. codes: 0 &€ **xa€™ 0.001 a€~**a€™ 0.01 a€~xa€™ 0.05 a€~.a€™ 0.1 a€~ a€™ 1

We see that there is there is a weak effect of harvesting time and a very strong effect of
sowing time.

1.3 The usual LR—test based on the y? approximation

An alternative is to base the tests on the asymptotic x? distribution of the LRT:

## === Fit models using ML estimation ===

beetO<-lmer (sugpct “block+sow+harvest+(1/block:harvest), data=beets, REML=FALSE)
beet_no.harv <- update(beet0, .~.-harvest)

beet_no.sow <- update(beetO, .~ .-sow)

## === Test for no effect of sowing time ===
as.data.frame (anova(beet0, beet_no.sow))

Df AIC BIC logLik Chisq Chi Df Pr(>Chisq)
beet_no.sow 6 -2.795 5.612 7.398 NA NA NA
beet0 10 -79.997 -65.985 49.999 85.2 4 1.374e-17

## === Test for no effect of harvesting time ===

as.data.frame (anova(beetO, beet_no.harv))

Df AIC BIC logLik Chisq Chi Df Pr(>Chisq)
beet_no.harv 9 -69.08 -56.47 43.54 NA NA NA
beetO 10 -80.00 -65.99 50.00 12.91 1 0.0003262

The effect of harvest time now appears highly significant.



2 The Kenward—Roger approach

KRmodcomp (beetO, beet_no.sow)

F-test with Kenward-Roger approximation

large : sugpct ~ block + sow + harvest + (1 | block:harvest)
<environment: 0x04661ad8>

small: Lbeta=betaOL=NULL

betalO=NULL

dfi= 4, df2=  20.00, Fstat= 101.00, pval=0.00000, Fscal= 1.000

KRmodcomp (beetO, beet_no.harv)

F-test with Kenward-Roger approximation

large : sugpct ~ block + sow + harvest + (1 | block:harvest)
<environment: 0xO4effe34>

small: Lbeta=betaOL=NULL

beta0=NULL

dfi= 1, df2= 2.00, Fstat= 15.21, pval=0.05988, Fscal= 1.000

3 The parametric bootstrap approach

3.1 Simulating the reference distribution

To make parametric bootstrap tests we must draw samples from the reference distribution.
The vanilla way of doing so is:

rr.harv <- PBrefdist (beet(O, beet_no.harv, nsim=1000)
rr.sow <- PBrefdist(beet0O, beet_no.sow, nsim=1000)

A computationally more efficient way is shown in Section [3.3]

xx <- seq(0,20,0.1)

hist(rr.sow, prob=T, nclass=20, col="gray")
lines(density(rr.sow), col="blue")

lines (xx, dchisq(xx, df=4), col="red")




Histogram of rr.sow
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xx <- seq(0,20,0.1)

hist(rr.harv, prob=T, nclass=20, col="gray")
lines(density(rr.harv), col="blue")

lines (xx, dchisq(xx, df=1), col="red")
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3.2 Making the tests

Tests based on a direct evaluation of tail probabilities from the simulated reference distri-
butions are:



PBmodcomp (beetO, beet_no.sow, ref=rr.sow)

large : sugpct ~ block + sow + harvest + (1 | block:harvest)
small : sugpct ~ block + harvest + (1 | block:harvest)
<environment: 0x0430a744>

tobs df p
LRT 86.2 40
PBtest 85.2 NA O

PBmodcomp (beetO, beet_no.harv, ref=rr.harv)

large : sugpct ~ block + sow + harvest + (1 | block:harvest)
small : sugpct ~ block + sow + (1 | block:harvest)
<environment: 0x04e84418>

tobs df P
LRT 12.91 1 0.0003
PBtest 12.91 NA 0.0574

Tests based on 1) making a Bartlett correction of the LRT and 2) assuming LRT to follow
a gamma distribution with mean and variance estimated from the simulated from the
reference distribution are:

BCmodcomp (beet0, beet_no.sow, ref=rr.sow)

large : sugpct ~ block + sow + harvest + (1 | block:harvest)
small : sugpct ~ block + harvest + (1 | block:harvest)
<environment: 0x0430a744>

tobs df p
LRT 85.20 4 0
Bartlett 67.36 4 0O
Gamma 85.20 NA O

BCmodcomp (beet0, beet_no.harv, ref=rr.harv)

large : sugpct ~ block + sow + harvest + (1 | block:harvest)
small : sugpct ~ block + sow + (1 | block:harvest)
<environment: 0x04e84418>

tobs df P
LRT 12.914 1 0.0003
Bartlett 3.052 1 0.0806
Gamma 12.914 NA 0.0499

In both cases we get p—values for the test of harvesting time which are very close to the
p—value from the F—test.

3.3 Parallel computing of reference distribution

We may calculate the reference distribution by parallel computing. To do so we must do
the following once (per session):

library(snow)

cl <- makeSOCKcluster(rep("localhost", 4))
clusterEvalQ(cl, library(lme4))
clusterSetupSPRNG (c1)




Then we can do

’ rr <- PBrefdist(beet0, beet_no.harv, nsim=100, details=1, cl=cl) ‘

If we use the parallel version, it is recommended to stop the cluster BEFORE shutting
down R:

’ stopCluster(cl) ‘

3.4 On the usage

When making the tests in Section |3.2| we used that we had already calculated the reference
distribution. It is not necessary to calculate the reference distribution in a separate step;
we may simply do:

’ PBmodcomp (beetO, beet_no.harv) ‘

In this case the reference distribution will be calculated on the fly. If we set up a cluster
as described in Section we may speed up the computing with

’ PBmodcomp (beetO, beet_no.harv,cl=cl) ‘
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