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sample replicate sites within combinations of 
flow regime and tidal height (i.e. a completely 
randomized factorial design. with two factors , 

flow regime and tidal height). This approach 
would require a large number of sites, and it 
may be difficult to find enough in the estuary 

• It is likely that sites of a given flow regime vary 
widely, and the researchers would require 
ll1any replicate sites to get adequate power 
白ley might get less variability if they sampled 
a given site at different tidal heights. because 
they could get more similar physical habitats , 

and make a better test ofthe effect ofheight 
(although the variation between sites will still 
be a problem for assessing the effects offlow) 

Leonard et a1. (1999) used a split.plot design: plots 
were sites and they "applied" six tidal heights 
(企om 0.0 to 3.6 m above mean low water) within 
each site , and each site fal1s into one of two t10w 
regimes , high and low flow. In analyzing this 
design , we need to keep the 5皿 height observa. 
tlons 岛r each site together, 50 that we can 
compare their differences 

Split.plot designs can also be used when the 
plots or blocks do not obviously represent spatial 
units ofreplication. For四ample， Westly (1993) set 
up a split-plot experiment to examine the effects 
of inflorescence bud removal on asexual invest­
ment in the jerusalem artichoke (Helianthus tube. 
ro5US) 吐lefe were four populations ofH. tuber加us，

five genotypes (genotypes were actually tubers 
仕om single individuals) nested within each popu. 
lation and two treatrnents (normal flowering and 

阳盯LY NESTED DE丑IGNS I 303 

m且orescence 四moved) applied to different tubers 
仕om each geno可pe. Gen。可pes were plots , popu 
lation was the between plots factor and treatment 
was the within plots factor 

We wilI illustrate the analysis of split.plot 
designs in this chapter with a recent example 
仕om our own work on disturbances On rocky 
shores 

Effects oftrampling on intertidal algae 
populations 

τhese data come 仕om a long-term experiment 
examining the impact of humans on the fauna 
and flora of rocky shores in southern Australia 
(Keough & Quinn 1998), and the full analysis is in 
Box 11.1. In thisεxperiment， we were interested in 
disturbances caused by pedestrians , and whether 
a pattern of summer disturbance and autumn 
winter-spring recovery results in a series of small 
disturbance-recovery cycles , or whether repeated 
disturbances eventually cause a major impact. We 
manipulated disturbance by trampling on 
marked intertidal areas each summer, using four 
different disturbance levels , which were the 
number ofpedestrian passages. To determine the 
va口ability in results , we did the experiment on 
three different rock platforms , separated by hun. 
dreds to thousands of meters. On a smaller scale , 

at each site, we had two experimental plots , separ­
ated by tens of meters , and each plot contained 
eight experimental stripsτbis arrangement cor­
responds to a nested design, with sites (i.e. plat. 
forms) , plots within sit凹， and strips within each 
plot. 

Box 1 1.1 1 飞Norked example of split-plot design: e抨ects of 
trampling on intertidal limpet populations 

Keoug吁& Quinn (1998) examined the effecl of pedestrian traffic (阳mpl吨.) on 
the abundance of macroalgae and gastr叩。 ds on rocky in恒时idalsho阳 They used 
th陀e sites, rep阳senting diffe陀nt rock platforms separated by hund陀ds to 白ou­

sands of meters. Wr由in each site, the陀 were two experimental plots separ苗ed by 
tens of meters and four levels óf trampting intensity (0,5, 10,25 pede式nan passages 
per tow t 才 e on 6-8 days each summ叫 we陀 allocated t，。由ch oftw。如pswithin

each plot În each 5阳 The 陀sponse varÎable is the number of limpets per 0.25 m .l 

q旧drat per strip. W比h onlytwo 陪同l臼tes of each pl。←trampling combination，此

is not worth producing boxplots, and the number of limpe臼 did not vary widely. 
with numbers generally less than ten, and no ext陀me values. We did not transform 

Diagrammatic 
representation of由e split 同时

experiment from Wissinger et al 

(1996). There are four ponds (on抄
阳。 shown here) in each oftwo 
hydroperiods (permanent and 
autumnal , represented by di何erent
shading), the between plots factor. 
Within each pond , there were six 
cages, each con国ining one level of 
the within pl。臼 factor， competition 
treatment 

up six wood 仕ame cages in the littoral zone and 
applied one of six competition treatments (low 
density Asynarchus , low density Limnephilus , 

high density Asynarchus, high density Limnephi!us, 

high density both species , control with no caddis. 
flies) to each cage within each pond. The role of 
hydrop町iod (permanent or autumnal) was inves­
tigated by having four ponds in each category. The 
response variables were body mass and survival of 
each species analyzed separately, so there were 
only three densi走y treatments (those containing 
the same species). So there are two factors: hydro­
period was "applied" (non.experimentally) 阳

whole ponds (plots) and is termed the between 
plots factor and density treatment was applied to 
cages wìthin plots and is termed the within plots 
factor. Split.plot designs are characterized by 
having factors applied to expe口mental units at 
difi岳rent， usually spatial , scales 

There are a number of practical design issues 
forthisεxperiment 

• The experimental design that would be sim­
plest to analyze would be to have whole ponds 
that are subjected to levels ofboth factors , 

hydroperiod and density treatment, forming a 
completely randomized (CR) factorial arrange­
ment oftwo hydroperiods by six density treat­
ments with n ponds per cell. Ponds are large 
units and we would expect considerable vari-
abili可 between them , resulting in large resid­
ual variance 

• It is often dif且cult to install cages , especially 
large ones. Forεxample ， covering whole ponds 
with cages to maintain experimental densities 

would be very expensive to set up and probably 
require an immense amount of labour. We 
may find that we cannot physically deal with 
the required size of cages in the time available 
to set the experiment up , because the research 
grant has dried up, or we've exhausted the 
supply of eager volunteers in earlier experi 
ments. We would also need a lot more ponds 
τ'he current design uses eight ponds , whereas a 
completely randomized design with even only 
two ponds per density and hydroperiod combi. 
nation would need 24. That many ponds may 
simply not exist 

• The split-plot design chosen allows us to group 
our density treatments within ponds , minimiz­
ìng spatial variation in environmental charac-
teristics , and giving us a clearer test of the 
effects of densi俘It also reduces the size of 
cages. We have, however, linked together 
groups of cages , and changed our statistical 
model dramatically compared to the CR 
design. If anything happens to a pond (e.g. it 
dries up at the wrong time, or gets an algal 
bloom) , we would be forced to discard all cages 
in that pond. Ifwe'd used a CR design , we 
would lose just a single replicate in a cell 

As another example, Leonard et al. (1999) tested 
the prediction that flow had strong effects on the 
abundances of mussels and barnacles in an 
estuary but that these effects might vary with 
tidal height. They had a number of general design 
options for testing this prediction 

• They could have sampled a range of sites in the 
estuary. In the simplest case, they could 
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way the data are coded 自or computer analysis and 
which assumptions are applicable 

As an εxample of a group by trials repeatl巳d
measures design , Schwartz et al. (1995) studied the 
effects offour temperatures (100 , 200 , 300 , 40 0 C) on 
the dark respiration rate of 且ve species of tree 
(岛ur species of Ton四 and one species of Taχus) 
Assume that it was desirable to have around 且ve
replicates to compare the five tree species , there 
are not large numbers of plants available , and 
individual plants were also likely to have different 
temperature pro直les (leading to possibly reduced 
power). What are the design options for this 
expe口ment?

• Five replicate plants per cell , by four tempera­
tures by five species means the experÌInent 
would require 100 plan臼 We would analyze 
this experiment with a CR hvo-factor design 
(factors: species and temperature) 

• One temperature profile per plant, so each 
plant would be used four tim白白01' the four 
temperatures , and only 20 plants are required 
(且ve for each species) 

τhe second is a sensible option , to reduce the 
number of plants used and cut costs (a时， if an 
experiment required sacrificing animals , reduc 
ing the number of animals killed). If we choose 
this option, we don't have a set of independent 
measurements for each temperature, but a group 
offive at one temperature , then another group of 
five for the same set of plants at the next temper­
ature , and so on. Our analysis therefore needs to 
maintain the relationships between the measure 
ments. Schwartz et a1. (1995) used this repeated 
measures design with 直ve or six plants of each 
species and each plant was subjected to the four 
temperatures. Individual plants were subjects , 

species was the between subjects factor and tem­
perature was the within subjects factor. You can 
see the similarityto the diagrammatic representa 
tion of the pond experiment (Wïssinger et al 
1996): the "plots" are individual plants (in 
repeated measures designs , t由hese are termed 
"sub均~ects俨")，

s叩pond出s tωos叩pe配町ci恒es趴， and the dens曰1句可'treatments cor­
respond to the temperatures. Th i凹5 exper口iment has 
on配1恒ε "between 5阳u均帷ec旧t臼s" factor (species) and one 
"within subjects" factor (temperature). 

Within each plot , the eight strips were allo­
cated randomly to one of the four trampling 
levels , with two replicates of each trampling level 
With the same disturbance levels applied to all 
plots and sites , the factor trampling is orthogonal 
to sites and plots. The data used in this example 
are 仕om a census of the number of limpets in 
each strip after three years of trampling 

I 1, 1,2 Repeated measures designs 
A simple repeated measures design , where the 
responses of a number of experimental units (or 
subjects) are recorded for a number of trials (or 
times) , was discussed in detail in Chapter 10 and 
was also termed a subject by trials design. A mod. 
1且cation of this design is a groups by trials design 
where the basic repeated measures design is mod­
ified to inc1ude a treatment structure between 
subjects , i.e. the subjects are randomly allocated 
to treatment groups in addition to their responses 
being recorded on a number oftrials or times. Just 
as the linear model used 岛r a subjects by trials 
repeated measures designs was the same as that 
used for a RCB design (an unreplicated two factor 
ANOVA model), groups by trials repeated meas. 
ures designs can be analyzed in the same way as 
classical split.plot desi伊s (with a partiy nested 
ANOVA model). The term "plot" is replaced by 
"su时ect'\and we simply have 咱etween subjects" 
and "within subjects" effects in the same way as 
we had between and within plot effects.ln biology 
and ecology, the "subjects" are experimental or 
sampling units (animals , plants , quadrats , etc.) 
and the trials are usually sequential times (von 
Ende 1993) 

The terrn "repeated measures" has actually 
been used in a confusing manner in the literature 
It really refers to repeated observations made on 
individual units (e.g. subjects , plots) , either 
sequentially through time or under some treat­
ment structure that is applied sequentially 
throughout time. Repeated measurements on 
experimental units can occur in any type of 
design. For example, a randomized block or split 
plot design can have repeated measurements on 
each experimental unit within each block or plot 
(Gumpertz & Brownie 1993). The linear models 
used for repeated measures and split-plot designs 
are identicalτhe only complications are in the 
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the response variable, a decision that seems 陀asonable ， as the model fìtte出d the data 
ve叩 well (Keough & Quinn 1998，由eirl油le 3). Model 1 1.2 was f，tt时， and includes 
a te门利 for plots wi出in sites X trampling, because we had replicate strips for each 
trampling treatment in every plot 

In this design , sites and plots are random factors , so you need to be sure that 
you use correct F-ratios (Table 1 1.3). You m胁t need to recalculate the s阳， tram­
pling, and sites X trampling F-ratios from the default statistical output if your statis­
tical softwa陪 does not allow you to specify fìxed and random factors 

τhe specifìc null hypotheses of inte陀st were as follows. 

No diffe陀nce between s比:es in the mean number of limpets per strip, pooling 
也 ampling treatments 

No diffe陀nce between trampling t陪atments in the mean number of limpets 
per strip, pooling sites 

No interaction between síte and trampling treatment on the mean number of 
limpets per strip, i.e. the e伟自ct of trampling on the mean number of limpets 
per strip was the same at the three s比es

Because we had 陀plicate strips for each t阳mpling treatment 协 thin each plot 
at each s阳， we could also t四 tvvo ad 才 itional 扫 ull hypotheses 

No added variance in mean number of limpets per strip due to all possible 
plots within each site 

No interaction between trampling t同 atment and all po凹ble plots within each 
site on the mean number of Jimpets per strip, i.e. the e忏ect of trampling on 
the mean the number of limpets per strip was the same on all possible plots 
w协in each site 

The fìnal ANOVA table is shown below. 

Denominator 

5比 es

Plots(sites) 
Tramplin也

Site X trampling 
Plots(sites) Xtrampling 
Residual 

Plots(sites) 
Residual 
Site X tra 响 pling

Plots(s眈es) Xt同mpling

Residual 

P 

0.639 
0.006 
0.044 
0.8日5

0.187 

F 

0.521 
5.214 
5.071 
0.485 
1.552 

MS 

m
u
ω川
却
啊
刷

df 
Z33694 

2 

55 

8.719 
25.094 
18.354 
7.240 

22 .406 
38.5日。

Source 

We would conclude that the陀后 a signifìcant main effect of trampli咆 and 由at

the e他ct of trampling on the number of limpets does not va叩 between sites or 
plots. There is also signi自由nt spatial variation at the scale of plots. The number of 
limpets rose w抽 the intensity of trampling a时 Figu陀 1 1.3(a) shows similar 
increases at all th陀e platforms (with data ave仁aged across plots). Trampling appears 
to benefìt limpetsl This e百e吐 occurred because the species most a忏ected by tram­
pling is a brown alga, Hormosiro bonksii, which forms dense mats 0门 these rock plat­
forms. Dense mats provide a poor habitat for the he巾 ivorous limpets, with li忧le

food , so the dest俨 uction of these mats generates new, usable habitat for limpe也 At

白e level of plots, we found wide 、 ariation in overall abundance of limpets (aver 
aged across tram川ng levels) (Figure 1 1.3(b)). The plots w抽 higher numbers we陀
on d肝erent platforms (sites) , as were those with low numbers, accounting for siE 
nifìcant variation among plots, but not 5注目



1n this example. the within subjects factor is 

a series of treatments (temperatures) applied 

sequentially through time. Repeated measures 

designs are often used when the within subjects 

factor does not represent di旺坦rent treatments 

but just a time sequence of interest. For 
example. Gange (1995) measured aphid abun 

dance on twenty individual trees of two species 

of alder on twenty consecutive dates between 

May and September. The response variable was 

aphid abundance, the between subjects factor 

was tree species and the within subjects factor 
was date 

We will illustrate the analysis of groups by 
trials repeated measures designs with an example 

from a postgraduate project on physiology of 
amphibians 

Responses of cane toads 归 hypoxia

Mullens (1993) investigated the ways that cane 

toads (Bufo marinu5) respond to conditions of 

hypoxia. Toads. the subjects. show two different 

kinds of breathing patterns. lung or buccal, and 

this breathing pattern was the between subjects 

factor. τbe second factor was O2 concentration , 

which had eightlevels (0.5.10.15.20.30.40.50%). 

and was applied within subjec臼 (toads). Various 
aspects of breathing rate were measured in each 

tria1. The full analysis of this example is in Box 
11.2 

Box 1 1. 21 、I\forked example of groups by trials repeated 

measures design: responses of cane toàds to 
hypoxia 

Mul怆ns (1993) inve民 gated how the breathing rates of cane toads (Bυfo marin叫
respond to conditions of hypoxia. T oad乌 the subjects, show two di他 .ent kinds of 

t 陀athing pa忧erns ， 1山go旷 buccal ， and this br田thing pa忧em was the between sub­

Je吐5 facto r: The second factor was O2 concent闹。n. 叭 hich had eight 1的els 队 5.
10.15.20.30.40.5口均， and was applied within subjects (toads). The re甲on咒咄二
iable was the fi陀quency of bucca! breathing and was transformed to s平 a陀 roots
to reduce pos比ive skewness (based on boxplots of the data for each 0、 concen­
tration) and improve variance homogeneity (based on residual plots) 

The specifìc null hypotheses of inte陀st were as foUows. 

No diffe陀nce between breathing types in the mean squa陀 root rate óf 
b陀athing， poolir电 021evels

Nodi哥哥ence between O2 levels in the mean square root rate of breathing, 
pooling b陀 athing type♀ 

No intera口 on between 阳'eathing type and O 2 !evel on the mean 5quare root 

rate of b陀athin岳 i.e. the e他ct of O2 level on the mean square root rate of 
breat丁 ing was the same for both b陀athing types 

With no replicat臼 within eaιh combination of t陀athing type, toad and 0、
level , we could not test hypotheses about the random factor toads within breath­
Ing type or 021evels by toads w怕in breathing type 

The data were initially coded in classical split-plot form , where toads we陀 p 。也I
肌d the model in Equat旧n I I .3 was fìtted. Because the陀 IS only One r呻咀悟。bser
vation for each toad for each 0 1 concentrat旧n， this model is fu l!y saturated, i 巳吐
白ts the data perfe吐片 because al! sources of咀riation have been accounted fc仁The
output from your 白tistical s。如Nare usual!y won飞 include F t时S or P values. You 

might just need to speci仲 each e他ct in the model and its appropriate denomina 

torto getthese.ln 白is example , b同athing type and oxygen are clearly fìxed factors, 

but toad 巴 random， so b阻athing type is tested ag副nst toad within b陀 athing type 

and the interaction between b陀athing 吃 pe and O2 leve! is tested against the toad 

within b陀的 ing type by O2 !evel Înteraction.We could also achie飞lethese lattertests 

by 币四 ng a model without the toad within breathing 吃 pe by O2 level interaction , 

which would then become the 陀sidual teηn. Note that many 民atistical programs 

assume all factors ar它 fìxed and default to using this as the denominatorfor all te驻s.

which is incorrect if B(A) is random 

Source 55 df M5 F P 

Breathing type 39.921 39.921 5.762 0.027 
Toad(breathing type) 13 1.634 19 6.928 
021evel 25.748 7 3.678 4.884 <0.001 
B陀athing type X O2 level 56.372 7 8 口53 10.693 <0.001 
币已 ad(Breathing type) X O2 怆 d 100.166 133 且753

We would conclude that there is a signifìcant d 叮'erence between toads w白

the different b陀 athing types, but this depends on 021evel (significant breathingtype 

x 021evel inte日ction)

We then re-analyzed t 广 e data a仕er recoding them as a"陀peated measures" 

design. For most software, we get even more e目enslve 0皿put

BETWEEN SU即ECTS
Source SS 

B...，由ing type 39.921 
Residual 131.634 

Note: 

。f

19 

问5

39.921 
6.928 

This residual is actually toads nested w勘 n breathing type 

WITHIN SUBjEC瓦
$ource S5 df 俨 5 F 

F 

5.762 

P GGP 

O.level 25.748 7 3.678 4.884 <0.001 0.004 
B四thing type X 021e-回i

Residual 

Note: 

56.372 7 B.053 10.693 <0.001 <0.001 
100.166 133 0.753 

This 陀sidual is actually toads within breathing 赴 pe by 021evel 

Greenhou巴e-Geisser epsilon: 0.428 
Huyn~手 eldt epsilon: 0.544 

P 

。口 27

HFP 

0.002 
<0.001 

The "be-tween subjects" and "within-subjects" parts of the ANOVA are dîstin­

gUl白ed and B(A) , in this example toads w刷n breathing type , is assumed to be 

random and all other factors flxed. The ANOVA output 也 however; identical to the 

pa呻Iy nested ANOVA above. Estimates of E are al50 provîded - the 

G陀enhouse--Geisser is more conservat阴 than the Huyn忏-Feldt estimate and 

n创 ther is close to one , suggesting thatthe spherîcity assumptionβnot met. Because 

both estimate鸣。f epsilon a陀 le5s than 0.75. the G陀enhouse-Geisser ac斗ustment

is preferred. 0町 conclusions would not be affe时:ed by these mc陀 conse川且/e

tests; there is a signifìcant interaction between O2 and breathing type. Both main 

e忏ects are also signifìcant, although 民 15 mo陀 sensib!e to base fu同her inte甲陀悟，

tion on the intera由on 忧 is clear from Figure 1 1.4 that b陀athing rate decreases 
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with increasing O2 level for buccal breathing toads but j门crease当 with 021e咽 for

u们 g breathing toads 
Because of the interaction , simple main e忏ectste到5 for O2 level at ea 二 hbr毛ath

t吨 ty阳 separately might be of interest. We adj咀 the df for these te血 based on 
theG陀enhouse-<:二eisser estimate of epsilon , 

BUCCAl 
S00陀e 55 df M5 F P GGdf GGP 

021evel 75.433 7 且776 14.3 11 <0.00 1 2.997 <0∞ l 

Residuaf 100.166133 且753 56.951 

LUNG: 
Source 5S df MS F P GG df GGP 

021evel 19.907 7 2β44 3.777 0.001 2.997 0.015 
Residual 10 且 166 133 0.753 56.951 

The陀 βa slg门而 cant effe口。f 0 , level for both b陀athing types. a胁。ugh the 
e而』口 see 响 5 strongβr for buccal b陀 athing toads than lung bre且hing toads 

For most 白tistical softwa陀 "repeated measu时， output will include polyno­
mialt陀们 d analyses. W性h eight 02levels, Up to seventh 0时 er polynomiaJ s could be 
examined, although we wiU just look 过 the fì巧t three. The interaction test of these 
pOlynom旧Is IS te副ng whether the t陀 nd (Ii们 ear， quadratic, etc.)廿 rough O2 le呻l

differs be如veen b陀athing 吃 pes; the main effect test is 臼 amining whether the陀 IS

a 廿end through O2 level pooling b陀ath 们 gtype旦

尸。 nomial Test of C时 er I (Linear) 
Source SS df 问5 F p 

。
× 

严
M
加
M

q
h
陆

17.010 
40.065 
39.149 19 

05o 
m
m
山
间

702 
8.255 

19.444 
0.010 

<0.001 

Polvnom国石st of Or，才 er 2 (Quadratκ) 
50urce 5S 问5d F D 

ozhel 
Breat咱们g 亡ype X 0 , level 
Residual 

5.007 
12.326 
13.655 

5.007 
12.326 
0.7 19 

6.967 
17.150 

19 

0.0 16 
0.001 

Polynomial Test of 0时er 3 (Cubic) 
Source SS df 问5 F P 

021evel 
ßc，田，thing type X O2 level 
Re到dual

1.747 
1.784 

10.174 

1.747 
1.784 
0.535 

3.263 
3.3 31 

19 

0.087 
0.084 

80th linear and quadratic trends are different between the two c 广eathingtypes
there is no evidence of a cubic t陀nd. It is clear from Figure I 1.4 that the linear 
trends a陪 in different directions for the two b陀athing types. Note that separate 
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error terms are used for each trend test, a requir芭ment if the陀 is a chance that 

主phericity of variances and cc旧riances does not hold 
Finally. we get the multivanate 恒缸。fthe with肝四bjects hypothese旦

02 1evel Hyp。由 df Err旷 df F P 

Wilks' Lambda 0.115 7 13 14.277 <0.001 

刊lIai Ti日ce 0 日 85 7 13 14.277 <0.001 

Hotelling-Lawley Trace 7.688 7 13 14.277 <0.001 

8同ath 飞Igtype

X021evel Hypoth. df 主rror df F P 

Wilks' Lambda 0.325 7 13 3.853 0.017 

阳lai Trace 0.675 7 13 3.853 0.017 

Hotelling-Lawley Trace 2.075 7 13 3.853 0.017 

The conclusions from the Pillai statistic agree with the univariate analysis - a 

signifìcant interaction between O2 level and b陀athing type 

1 1.1.3 Reasons for using these designs (the plots or su时 ects) is nested within the second , 

The examples above demonst四te the two m习or but both ofthese factors are crossed (orthogonal. 
reasons for using split-plot or repeated measures factorial) with the third (Figure 11.2). In the split. 
designs. First, if our experimental or sampling plot example 仕omWissinger et a l. (1996). we have 
units (organisms , ponds , sites) are expensive or hydroperiod (剧， ponds within hydroperiods 
otherwise difficult to obtain. we might consider ((B(A)). and density treatment (C). In the repeated 
applying a number of treatments to each (or to measures example 仕om Schwartz et al. (1995). we 
subunits within each) or recording each through have speci田间， plants within each species ((B间，
time. Second , if we expect lots of variation and temperature (C). In both examples , we have 
between these un巾. and are worried that this every combination of A and C (hydroperiod and 

density or species and temperature), so A and C 
form a factorial design. B and C are also factorial 
because every pond gets all density treatments 
and every plant gets all temperature treatments 

We could also have replicate observations from 
each combination ofB and C (run each plant twlce 
at each temperature , have rep1icate cages for each 
density treatment within each pond , etc.). As we 
will see below, in most cases , it makes little differ­
ence to how we test the effects of A and C 

We will describe the linear model and the 
various forms of analysis using 5pli仨plot termi­
nology; keep in mind, however, that the plots are 
simply replaced by subjects in repea胆d measures 
designs. Components for fi.xed and random factors 
in expected mean squares are represented as "var­
iances"; remember the di由:erent interpretat10ns 
of variation between means of 且xed treatment 

variation might obscure effects of Ollr treatments , 

we can attempt to remove this variation by taking 
a biological "unit'. and applying different trea仁
ments to it - sampling different parts ofthe same 
pond. applying a range ofoxygen concent臼tlOns ，

etc. The basic difference between a split-plot and 
a group by trials repeated measures design is that 
the former allocates the within plots treatments 
to subunits within each plot whereas the latter 
allocates the within subjects treatments sequen­

tially to each subject 

门 .2 I Analyzing partly nested 

designs 

We will 且r5t describe the analyses for a standard 
partly nested design that has three f;注ctors. One 
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regimes and at di何erent places, from 
Keough & Quinn (1998). Panel (a) 
shows number of limpets ....s 
intensity of trampling for th同e rock 
platforms. and panel (b) shows 
variation among plots within 
platforms in overall abundance of 
limpets 
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groups versus variance across a11 possible groups 
仕om which we have selected a subset at random -
see Box 9.8 

川，2 ， I Linear models for partly nested 
analyses 

Linear effects model 

Consider a design with p 1凹els offactor A (i = 1 to 

抖. q levels of factor B (plots or subjects) nested 
within each level of A (j = 1 to q) and r levels of 
factor C (k = 1 田吟. crossed with both A and B 
(fable 11.1). From Keough & Quinn (1998), p equals 

60 three (the number of sites). q equals two (the 
number of plo臼) and γequals four (trampling 
treatments). From Mullens (1993). p equals two 
(thedifl岳rentbreathing types) , q equals eightor 13 
(the number oftoads ofeach breathing type) and 
requals eight (021evels). For completeness , we will 
describe the model with replicate observations 

ANALYZING PARTLY NESTED DESIGNS 

有ble 1 1. 1|M吨inal means for a pa呻 nested design wi剧
level of factor A and k le"四ls offactor C crossed with both Aand B 

C , C, 

A B,(,) YIII YI12 

B2(1) Yl21 Y122 

BJ(I) Yljl Ylj2 

A, BJ(2) Y2jl y马2

A BJ(A Yljl Yρ 

C marginal means Yk=1 Yk=2 

。= 1 to n) within each combination of A, B and C, 

e.g , Keough & Quinn (1998) had replicate obse凹a­

tions (strips) within each si胆， plot and treatment 
combination. Usua11y. however, there is only a 
single observation (e.g. a single 归ad) of each level 

ofC in each plot/subject 
The formallinear model for a split-plot design 

IS: 

Yijkl=μ+α，+马"十飞+αγ侬十β巧{琳 +εijkl (11.1) 

Details ofthis linear model. including estimation 

of its parameters , are provided in Box 11.3. 
From Keough & Quinn (1998): 

(number oflimpets)ijkl =μ+ (site)i + 

(plot 飞咀thin site)jlil + (trampling)，十
(interaction between site and trampling)ik + 
(interaction between plot within site and 

trampling)川孙 +εijkl (11.2) 

C k B marginal means A marginal means 

Y11k 片"'1(1)

Y I2k 片=且 1) Y1=1 

YIJ.~ 月(1)

y耻 lj(2) YI=2 

以 ~(0 Yi 

Y, 

From Mullens (1993) 

(breathing rate)ijkl =μ+ (breathing 句pe)i+

(toad within breathing type)j(i) 十 (0， level), + 
(interaction bet\'γeen breathing type and O2 
level九十 (interaction between toad within 

breathing type and O, level)j(il' +与(11.3)

In models 11.1 and 11.2 we have the following 

Yijkl is the number oflimpets in the 1th strip 
in the kth level oftrampling treatment 岛rthe

jth plot at the ith site. Commonly in these 
designs , n equals one, although Keough & Quinn 
(1998) had n equals two. 

μis the overa11 (constant) population mean 
number oflimpets per strip for alllevels of 
trampling in a11 plots across a11 sites 

Factor A is fixed. 50 αi is the effect of ith 5ite 
on the number oflimpets per strip. pooling over 

Box I 1.31 The partly nested linear model and its 

parameters 

Consider a design wìth p levels of fador A (i = I to p), q levels of factor B (plots or 
subjects) nested within each level ofA (j= I toφand r levels of factor C (k 二 1 to 

r) , crossed w比h both A and B (Table 1 1. 1) 时时icate obse川 ations (1 = 1 to n) 
within each combination of A, B and C 

The formal linear model for a 甲批 plot d四gn IS: 

Yμ 二μ+ a;+巧。 +Yk +σ几十β巧，+如

In this model we have the following 

Y归 is the value of the response variable for the Ith obse产 ation in the kth le飞，时
offactor C forthe jth plotlsubject in the ith level of factor A. Commonly in 
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these designs, f = 1, but our two worked examples in this chapter include 
one in which I ~ 2 (Box 1 1. 1) and one with I ~ 1 (Box 1 1.2) 

μis the overaJl (constant) population mean of the response variable 
Iffactor A 巴 fixed ， a; is the effect of ith level of factor A (，同 ρ) ， pooling over 

fa吐Qr C. If factor A is random, c气巴 a random variable with a mean of zero 
and a variance ofσ}， measuring the variance in mean values of the 陪sponse

variable acro臼 all possible levels of factor A that ιould have been used 
Plots or subjects a陀 nearly always ra 才 om soβ~(i) is a random 旧riable w此ha

mean of zero and a variance of 与，2， measu 丁 ng the variance in mean value电 of

the respc 丁 se variable across all possible plots or subjects that could have 
been used 响 thin any level of A. 

If factor C is fixed, Yk 巴 the e伍ect ofthe 阳h level of factor C Cμκ 功， pooling

over factor A. If factor C is random. Yk is a random variable with a mean of 
zero and a variance ofσ}， measuring the variance in mean values of the 
response variable across all possible levels of factor C that could have been 
used 

If factors A and C are both fìxed. a几 is the effect of the interaction between 
the 忧h level of A and kth level of C. [f either factor is ran 才 om， then a Y;k is a 
m 才om var由le with a mean of zero and a variance ofσLme剧 ing the 
vanan 二 e across all the possible interaction terms between the fìxed levels (if 
Ais 白肥d) or all possible le叫5 (if A is random) of factor A and the fìxed 
levels (if C is fìxed) or all pOS到ble [evels (if C is random) of factor C 

Because plots/subje吐s a陀 nearly always random. the interaction between 
factor C and plots!subjectsβr/}(i) k is a random variable with a mean of zero 
and a variance ofσ~y' measuring 阳、ariance across all 拍e possible 
interaction terms betNeen all the possible plots/su除出 within' any le咀10fA

and the fìxed levels (if C is 自xed) or all possible levels (if C is random) of 
factor C 

句"巴 random or unexplained error associated 咄咄 the fth observation in the 
陆h level of factor C for the jth plotJsubject in the 此h level of factor A. These 
error terms are assumed to be norm剑Iy distributed in each comc 咀:tion of 
A. BandCwi由 a mean of zero and a variance of 可 Note t白ha址.t cla曰s白凹SIκ阻C咀a

s甲pl忱眈一ρ纠10目，t and repeated me曰as阳Lυ2陀s de引gns usu旧al句Iy do not have 陀p肘liκcation for 
e曰ac出1c∞ombi盯阳nati如j刀on ofp川10时t an门d f<也actor C (价n= 1) s皿OE，飞'J'创i 山ually cannot be 

d s臣ep阳ar阳at恒e非 es筑由tima且te时

Th is e忏ects model is overparame.terized (Box 8.3) so the usual sum乓0亿ero

constralnts a陀 imposed on the fìxed effect♀ We can also use a cell means model 
(Kirk 1995) which may be useful when there are missing observations (Section 
1 1.6) 

Estimating the pa甩meters of the partly nested model follows the procedu陀S

outlined in the previous three chapters for single facto r; multifactor and randomized 
block model旦 The cell means (.叫'JJ are estimated by means of the observations in 
each cell, although the陀 is often only a single observation for each A. B and C com 
bination. The ma电inal means are shown in Table 1 1.1 and rep陀sentaver飞ages acro自

由e appropriate cell means (or single ob咒问ations). Standard errors for these 
means must be based on the appropriate variance estimate (mean squa陀)， the one 
that is used as the denominator of the F-ratio for testing the Ho that the means are 
equal (see Boxes 9.2 a时 9.6)

plots and trampling treatment.lffactor A was 
random, e.g. sites were chosen at random along 
the shore , then αi is a random variable with a 
mean of zero and a variance of σ.0. 2 ， measuring 
the variance in mean number oflimpets across 
all possible sites that could have been used 

Plots are random 50 βis a random variable 
可'j(i)

with a mean of zero and a variance of σJ， 

measuring the variance in mean number of 
limpets across all possible plots that could have 
been used within any site , pooling trampling 
treatments 

Factor C is fì.xed, 50 γ" is the effect of the kth 
level oftrampling treatment, pooling over plots 
and sites. If factor C was random, e.g. trampling 
levels were chosen at random 丘om the possible 
trampling levels that could have been used , then 
γ'k is a random variable with a mean of zero and 
a variance ofσγ2 ， measuring the variance in 
mean number of limpets across possible levels of 
trampling that could have been used 

Factors A and C are both fuo巳d ， so αγ眩 is the 
effect of the interaction between the ith site and 
kth trampling treatment. This interaction 
measures whether the effect of trampling is 
consistent at all sites used. If one factor is 
random, e.g. random sites , thenα马 is a random 
variable with a mean of zero and a variance of 
σ'~y' measuri吨 the variance of all the possible 
interaction terms between all possible sites and 
the fixed trampling levels. This interaction would 
measure whether the effect of trampling was 
consistent across all possible sites 

Because plots are random, the interaction 
between trampling treatment and plots [βγj(i}kl is 
a random variable with a mean of zero and a 
variance of忖γ， measuring the variance of all the 
possible interaction terms between all the 
possible plots within any site and the fìxed 
trampling treatments. This measures the 
varia tion in effiεcts oftrampling at the spatial 
scale of plots 

εis random or unexolained error ijkJ ~U ~~H~"""H~ ........ ...n....J~.t' 

associated with the lth strip in the kth trampling 
treatment for thejth plot at the ith site. This is 
the error associated with each strip that is not 
due to trampling treatment, plot or site. Note 
that classical split-plot and repeated measures 
designs usually do not have replication for each 

ANALYZING PARTLY NESTED DESIGNS 

combination ofplot and factor C (n equals one) 
soεijkl usually cannot be separately estimated 
企omσZ

βγ 

Predicted values and residuals 
Ifwe replace the parameters in our model by their 
OLS estimates (Box 11.3) , it turns out that the pre 
dicted or fì.tted values of the respon5e variable 
仕om our linear modelll.1 are: 

Yijkl=Y萨 (11.4) 

The error terms from modelll.1 can be estimated 
by the residuals , the difference between each 
observed and predicted value. In most applica­
tions of split-plot and groups by trials repeated 
measures designs , there is only a single observa­
tion per cell and these residuals all equal zero. In 
these circumstances. we cannot directly estimate 
(J'e 

2
, the variance of the error terms , unless we 

assume that (J'~_.， the variance due to the BíA) X C 
βγ 飞 F

interaction, equals zero. Not being able to esti-
mate 气2 does not, however, compromise our tests 
of the main hypotheses of interest, those of A, C 
and A X C, the argument being similar to that 
used for analyses of RCB and simple repeated 
measures designs in Chapter 10 (see Section 
11.2.3) 

门，2 ，2 Analysis of variance 
The partitioning ofvariance企omtheOLS 且tofthe
linear modelll.1 is shown in Table 11.2. We do not 
provide computational details for sums咱ιsquares
阴阳each term in this ANOVA - see Winer et al 
(1991) and Kirk (1995) for the classical岛rmulae.In

practice , however, we assume that you have access 
to statistical software with a generallinear model­
ing routine when dealing with these complex 
designs. The SS 自oreach source ofvariation are cal­
culated by comparing the fìt ofthe full model with 
the fìt of an appropriate reduced model (the model 
inc1uding a11 terms except the one we wish to test 
in our Ho)' as we described in Chapters 8, 9 and 10 
for simpler ANOVA models 白le general expected 
values of the mean squares are also provided in 
Table 11.2(叫， as well as those for the usual case of 
factors A and C being fìxed and factor B (plots or 
subjects) being random 

τhis ANOVA is more complicated than those 
from previous chapters but not really that diffìcult 
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Factor C (缸ed)
Ho:μμ， μ'k" This Ho states that there is nQ 
difference between the factor C marginal means, 

pooling levels offactor A. For εxample， no differ­
ence in the mean number of limpets per strip 
between trampling treatments , pooling sites 

This is equivalent to 

Hoγγ， γ'k = 0, i.e. no effi巳ct of any level 
offactor C. For example. no e旺ect of trampling 
treatment on the mean number oflimpets per 
strip , pooling sites 

A X C interaction (缸巳d)
Ho μïjk 一 μ: 一 μ， +μ= 0, which is the same as (叫)"
= O. This Ho states that there are no interactions 
betweenAand C, e.g. the effiεctofsiteon themean 
number of limpets per strip is the same for a11 
tramp1ing treatments and the effect oftrampling 
treatment on the mean number of limpets per 
strip is the same 岛r a11 sites 

The mod植cations of these Hos for random 
factors are straightforward as described in 
Chapters 9 and 10 

Two other null hypotheses might also be 
tested in some circumstances. 

Factor B(A) (random) 
Hoσß 2 = 0, i.e. the variance in mean values of the 
response variable across a11 possible plots or sub­
lec臼 thatcould have been used within anylevel of 
A equals zero. For example , no variance in the 
mean number of limpets per strip between plots 
in either si胆， pooling trampling treatments 

_ let's look at the dif坠rent components. The 
between plotsfsu时ects section is just a single 
factor ANOVA on the mean values for each 
plotfsubject (i.e. averaging over the levels offactor 
C) and the plotsfsu时ects within A (i.e. factor B) 
term is the equivalent of the residual term in this 
single factor ANOVAτhe within plotsfsubjects 
section is just a numb盯 ofRCB (or simple repeated 
measures) designs, one for each level of A. The 
effects of factor C and the A X C interaction are 
interpreted in the same way as for a two factor 
crossed ANOVA (Chapter 9). The C X plots within A 
[i.e. C X B(A)] term represents the pooled error 
terms 仕om thep 阻ndomized block designs which 
comprise the within plotsfsubjects component of 
the analysis , i.e. for each level of A, we have a C by 
plots RCB design (Kirk 1995) 

τhese ANOVA tables are illustrated in Table 
11.2(剖面。r some of the examples we described in 
Section 11.1. The 且rst is the spl忧-plot design 仕om

Wissinger et a1. (1996) where the between plots 
factor was hydroperiod , the within plots factor 
was density treatment and the plots were ponds 
nested within each hydroperiod. The second was 
the groups by trials repeated measures design 
from Gange (1995) where the between-subjects 
factor was tree type. the within-subjects factor 
was date, the subjects were individual trees and 
the response variable was aphid abundance. The 
ANOVA tables 岛r our two worked examples are 
also provided in Box 11.1 and Box 11.2 
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B(A) X C interaction (random) 
Hoσß/ = 0, i.e. the variance across a11 the possible 
interaction terms between a11 the possible 
plotsfsubjects within any level of A and the 直xed
levels (if C is fixed) or all possible levels (if C is 
random) of factor C equals zero. For example , no 
variance in the mean number of limpets per strip 
across a11 the possible interaction terms between 
plots within each site and trampling treatment 

1 1.2.3 Null hypotheses 
There are three null hypotheses of primary inter 
est when we fit the partly nested model11.1 

Factor A(缸ed)

H。 μμμï This Ho states that there is no 
difference between the factor A marginal means , 

pooling levels of factor C. For example , no differ­
ence in the mean number of limpets per strip 
between sites , pooling the trampling treatments 

F-ratios 
The F-ratios for testing these null hypotheses are 
based on the expected values ofthe relevant mean 
squares (Table 11.2(a)). When factors A and C are 

τbis is equivalent to 
α=αα= 0, i.e. no effect of any level 0".....\ '-"'-2 .....j~. ~._. ~~~ -~~--~ ~~ ---J 

of factor A. For example , no effect of site on the 
mean number oflimpets per strip, pooling the 
trampling treatments 
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can onlybe done ifwe assume there is no CXB(A) 
interaction, i.e. the effects of C do not vary from 
plot to plot. However, it is clear from Table 11.2(a) 
that the expected mean squares for C and the AX 
C interaction include the variance due to C X B(A) 
mteraction , 50 the F test for C and A X C is testin2" 

for these effo巳cts over and above the var四ion due 
to the C X B(A) interaction and any residual varia­
tiOll. Therefore , we can interpret a signi且cant

e丘坦ct of C or the A X C interaction even if the 
effects of C do vary 岛r differen t levels 刷刷， which 
is similar to the ar凯lffient we made in Chapter 10 
for RCB designs when the blocks factor was 
random. A non-signifìcant C or A X C interaction is 
ffiOfe difficult to interpret in the presence of 
a C X B(A) interaction, but interpreting non­
significant tests is always problematical. 

As you can see from Table 11.2例， the effects of 
A, C and the A X C interaction are all tested against 
other terms in the analysis , all f居aturing effects of 
B within A. Because you cannot control the 
number of levels of A or C when they are fixed 
facto凹，出e only way to increase the power of 
these tests is to increase the degrees of 仕eedom
This can only be achieved by using more levels of 
B (more plots or subjects , e.g. more toads , more 
plots, etc.), i.e. increasing q. 

The expected mean squares and appropriate F 
tests for other combinations of :fixed and random 
factors are presented in Table 11.3 川岛enA， C and 
plots!subjects (i.e. B) are all fixed σ'able 11.3), you 
can see that all terms are tested using the MS

Res>
dual

as the d巳nominator. Note that you must have rep­
licate observations in each cell if plots (B) are fixed 
because MSCB(浏阳 not an appropriate denominator 
here unless you are verγsure that the C X B(A) 
lnteraction 1S negligible. In almost every case that 
we deal with , factor B will be random so this 
design is unlikely for biological experiments. If 
factors A and plots!subjects are random, but C is 
fixed. the tests are straightforward (Table 11.3), 

but note that again , they use different combina­
tions of denominators for F tests for 出e vanous 

both 白xed， the F test for factor A uses a different 
denominator [MSB(A(J than those for factor C and 
AXC[MSc阳). This is typical如 designs with both 
:fixed and random factors and is appare且t in all 
these partly nested designs because the plots!sub­
jects term is nearly always random. In the classi­
cal split-plot or repeated measures design with η 
equals one observation for each cell , the B(A) and 
C X B(A) terms cannot be tested. The implications 
of not being able to test the C X B(A) are analogous 
to the implications ofhaving no test for a block by 
treatment interaction in a RCB design (Chapter 
10). Th is makes sense given that the C X B(A) inter­
action comprises the pooled residual terms from 
the p RCB designs and each ofthese residual terms 
inc1udes the plot!subject by treatment interac­
tion. The 且rst implication is that if B is random, 

then a strong C X B(A) interaction will reduce the 
powerofthe tests ofC andAXC, although these 
tests are still valid because the expected mean 
squares ofboth C and AXC inc1ude the variance 
component due to C X B(A). This is not the case if 
B is fixed , where C X B(A) is an inappropriate error 
term for testing C and A X C (see below). The 
second implication is that the use ofC X B(A) as an 
error term for C and A X C can be invalid if the 
observations within each plot!subj巳ct are corre­
lated , which is almost certainly the case for 
repeated measures designs. For the C X 刷刷 to be 
used as an error term, we must make certain 
assumptions about the covariances ofthe observa 
tions (Section 11.3) 

With replicate observations in each cell, the 
B(A) and C X B(A) terms can be tested against the 
residual. Note , however, that using manyreplicate 
observations \'Iithin each cell, e.g. multiple meas 
urements on toads or multiple strips within plots , 

may not be providing a much better test of 出e

terms that you really care about. The B(A) term is 
rarely of much interest, and you probably don't 
care much iffactor C has a different effect across 
levels of B, i.e. a C X B(A) interaction. The effort 
expended in sampling at this lowest level may not 
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hypotheses. Problems occur when plots!subjects 
and factor C are random (τ'able 11.3) , It does not 
matter whether A is :fixed or random in this case 
咀1e difficul可 is that the main effect of factor A 
(which wil\ almost always be of central interest) 
cannot be tested directly, because there is no 

be producing a more powerful statistical test of 
any of the biological\y interesting effects. only 
lncreasìng the cost of the desìgn in terms of time 
and/or money. V\lhen there is no replication 
within plots , Underwood (1997) argued that tests 
of the main effects of C and the A X C in teraction 
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a叩ppro呻P严r由i归a恒 d出enominat，归田o町r. The only option is 田
use qu旧as且i F-r曰'atlO田5 ， which are combinations of 
mean squares that produce an appr侃imatetestof

your hypothesis (s四 Chapter 9). Winer et al. (1991) 
discussed this option in detaiJ, but you should be 
aware that the resulting F tests are only approxi­
mate and not necessarily robust, and you probably 
should a明oid this situation if possible 

11 , 2.4 ComparingANOVA models 
The SS, df and MS for each term in the pa呻
nested modell1.1 can be derived from comparing 
the fit of a full and a reduced model, where the 
reduced model omits the parameter specifìed to 
be zero in the Ho' This is the same principle we 
have described in Chapters 9 and 10 for other 
multifactor models 

1 1.3 I A岱m削u川Jr叮T叩tionss 

Irrespective ofwhether it is for a split-plot design 
or a groups by trials repeated measures desi阳，
tl町artly nested ANOVA model 11.1 has a number 
of assumptions that need to be assessed 
Additionally, we should always check 也r outliers 
仕om Qur 且tted model. A use白11 first step is to 
examine the residuals from the 且t ofthe model. If 
we only have n equals one within each combina­
tion of A, B and C, then we should omit the 
B(A) X C term , otherwise the model is saturated (a 
perfect fit) and all the residuals are zero ηlese 
residuals wi I1 indicate any obvious outliers and 
also indicate any strong skewness in the data 
Generally, however, the assumptio时， and their 
assessment , in these analyses are considered sep­

arately for the between plotsfsubjects and within 
plotsfsubjects components 

门 .3 ， 1 Between plots/subjects 
ηle test of factor A assumes normality and homo­
geneity of variance and the comments about 
these assumptions in Chapters 8 and 9 apply here 
Note that, for the usual case of B random and A 
andC 且xed ， these assumptions apply to the levels 
of A (pooled across C) with the mean of Y in each 
level of B(A) as a replicate observation. It is often 
useful to create a new variable that is the aVera1le 
across the levels ofC and the田n川1 use that variable in 

boxplots for each level of A or to examine residu. 
als from the fit of a single factor ANOVA model 
with p groups to that variable 

1 1, 3, 2 Within plots/subjects and 
multisample sphericity 

白le tests for any terms includingwithin-plots/sub-­
j ects factors例， 1 巳 tests of C and A X C, have the 
assumption of sphericity of variances and Covari. 
ance , as did RCB and simple repeated measure5 
designs (Chapter 9). Unless this assumption holds ‘ 

then the B(A) X C term is an inappropriate denom_ 
inator for the test of C and A X C. Remember that 
these partly nested designs can be envisaged a5 a 
series ofRCB (factor C by blocks, plots or subjects) 
experiments , one for each level offactor A, 50 the 
assumptlOn is now multisample sph巳ricity. Not 
only must the variance-covariance matrices be 
the same for each level of factor A, they must each 
show spherici可， which means that the variances 
of the differences between the levels of the 
repeated factor must be the same 

In classical repeated measures designs , the 
levels ofthe within-subjects factor (C) can usuaIJy 
be applied in random order to each subject (Winer 
et a!. 1991). Similarly, in cJassical split-plot 
designs. the levels of the within-plot factor (C) 
should be randomly allocated to 四perimental
units (subplots) within each plot. Under these ran 
domization conditions , there is no reason for the 
spheri口ty assumption not to hold; in fact , the 
sphericity assumption is often not discussed 
when general statistics texts describe split.plot 
designs. In contrast, the sphericity assumption is 
unlikely to hold in repeated measures designs 
when subjects are recorded through time because 
the differences between times closer together are 
likely to be less variable (i.e. more similar) than 
times further apart. If sphericity is not m旺. the 
F-ratio statistics for within subjects effects (C and 
AX C) wilJ be inflated , increasing the riskofa Type 
1 error above the nominal level (e.g. 0.05) - see 
Keselman & Keselman (1993), Keselman et al 
(1995) and Rasmussen (1989). There is no easy test 
for the null hypothesis that the variance-covari 
ance matrices conform to multisample spherici吃Y
Kirk (1995) recommended the W test and provided 
critical values , although we suggest it is safer to 
assume that mu1tisample sphericity is not met in 

苦百lë 11 .4 1 Degreesoffreedomforwithin-plots 
k1>ot 咽均ects components of pa呻 nested ANOVA 

50urce df A 才justed df 

Wi的in plots!su向jects

C (r- 1) 
AXC (p 一 I)(r- 1) 
B(A)XC p(q-I)(r一 1)

Note 

(r- I)Ê 
(p 一 I)(r- I)Ê 
þ(q- I)(r一 I)Ê

Adjustment based on estimate of E indicating 
how far variance-covariance matrix is from 
sphericity. 

repeated measures type designs and use on巳 or

more of the following analytical st曰tegles

A句usted univariate F-ratio tests 
As described in Chapter 10 for RCB and simple 
repeated measures desig肘， we can make the F 
tests more conservative using adjusted df. An 
index of sphericity is the population parameterε， 

which can be estimated by the epsilon statistic (ê) 
Two methods of estimating e were described in 
Chapter 10, the Greenhouse-Geisser (G-G) esti­
mate or the Huynh-Feldt (H-F) estimate (Winer et 
al. 1991 , YandeJl 1997) 吐lese sample ês can be 
used to adjust the dfforwithin plotslsubjec臼 tests

downwards to make the tests more conservative. 
slnce non叩heric町 increases the risk of Type 1 
error.τhe adjustment is simple , being the original 
dfmultiplied by 且， although the new dfwill not be 
integersσ'able 11.4). If 6 is greater than 0.75, the 
correction based on the Huynh-Feldt ê is better, 

when εis less than 0.75, the correction based on 
the G回enhouse-Geisser Ê is better (Keselman & 

Kesleman 1993). These a句usted tests are standard 
output from most statistical software 

Multivariate tests 
An alternative solution to the sphericity assump­
tion is to treat the levels ofthe within-subjects or 
within.plots factor (i.e. the repeated measures 
factor) as multiple response variables in a multi­
variate analysis of variance (MANOVA in Chapter 
16; see also Keselman & Keselman 1993 , Looney & 

Stanley 1989，阻rk 1995, Tabachnick & Fide1l 1996) 
τ11e MANOVA actually uses the difference between 
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successive repeated measurements (i.e. times) for 
each subject or plot as response variables and tests 
the null hypothesis that the difference scores 
have a population centroid (multivariate mean) 
equal to zero τ'he MANOVA approach can be 
useful for these designs because it doesn't assume 
sphericity ofvariances and covariances , although 
it does have all the usual MANOVA assumptions 
(Chapter 16; Johnson & Field 1993) and has fewer 
degrees of仕eedom. Also , if the n is less than the 
number of differences between successive 
repeated measurements (i.e.less than the number 
of levels of the within-plots or -su均ects factor 
mlnus on叶， then the MANOVA approach cannot 
be used. As discussed in Chapter 16, the Pillai trace 
statistic is recommended for these multivariate 

tests 

Profile analysis 
Another approach is to sumlnarize the responses 
for each plotfsubject as a single value and then use 
these values in a single factor ANOVA model conl' 
paring the levels of A. The between plotslsubjects 
part of the partly nested univariate ANOVA does 
this by summarizing the responses of each 
plotlsubject as an average across the levels of C. If 
factor C is quantitative , e.g. time , we can also sum­
marize the responses of each plotfsubject as a 
trend or response curve, such as a linear, quad. 
ratic. etc., and analyze the coefficients of these 
trends in separate on巳 factor ANOVAs (Meredith & 

Stehman 1991).ηlÎs provides a test of whether 
such trends (linear, quadra缸， etc.) vary across 
factor A, i.e. a test ofa treatment-contrast mterac­
tion (Chapter 9). Such tests are usually default 
output from statistical software and will be dis. 
cussed in Section 11.5.2 

Which strategy is the best? 
As we pointed out in Chapter 10 for RCB and simple 
repeated measures designs , neither the epsilon­
adjusted univariate nor the multivariate approach 
is always more powerful , unless sphericity is met, 

when the traditional partly nested univariate 
analysis is clearly preferred. Looney & Stanley 
(1989) recommended using both approaches and 
rejecting the within-subjects null hypotheses if 
either the adjusted univariate or multivariate 
tests are slgnl自cant. Kirk (1995) recommended a 
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preliminary test for multîsample sphericity and 
using the adjusted univariate tests if the spheric­
ity test is slgm且cant; however, his preliminary test 
is not straightforward and not available in statisti­
cal soft飞.vare. We suggest that preliminary tests 岛r

sphericity are of limited value and support the 
Looney & Stanley (1989) approach and the use of 
pro且le analyses iffactor C is quantitative 

1 1.4 I Robust partly nested analyses 

As for other linear model analyses. the RT (rank 
transform) procedure has been proposed as a 
general method for overcoming problems of non 
normality and possibly other assumptions of the 
partly nested analyses of variance (see discussion 
in Thompson 1991b). We reiterate our comments 
from Chapters 9 and 10. The rank transformation 
is nonlinear in nature (Akritas 1991) and therefore 
cannot effectively deal with interactions: indeed. 
a significant main effect may be indicated when it 
is simply due to an undetected inte四ction

(Thompson 1991b). Af; the AX C interaction is 
often of considerable interest in the designs dis­
cussed in this chapter, the RT procedure seems 
inappropriate. RT procedures are also inappropri­
ate 岛r nested factors (Thompson 1991胁. which 
are important in the models used to analyze split­
plot and groups by trials repeated rneasures 
designs. Also. as discussed in Chapter 10 for ana­
Iyses of RCB designs. a rank trans岛rmation can 
also change the nature of variances and covari­
ances. making the assumption of sphericity less 
tenable (Akritas 1991). Although Thompson 
(1991b) has developed a general rank.based multi­
variate test statistic that is applicable to repeated 
measures designs , its usefulness is restricted to 
situations where there are no interactions 

We could also 缸 the models in this chapter 
using generalized linear models (GLM叶. that 
allow a range of diff坦rent error distributions of 
which normal is just one (Chapter 13). Maximum 
likelihood techniques are used for fitting the 
models and estimating the parameters and likeli­
hood ratios are used for hypothesis tests of these 
parameters. Care must be taken in the choice of 
臼11 and reduced models for such complex analy­
ses because some models won't make much 

biological or statistical sense. e.g. a model that 
inc1udes B(A) but not A. Note that GLM analyses 
are still sensitive to the specification of the error 
distribution so model diagnostics are very impor­
tant.just as they are for linear models. Chapter 13 
inc1udes a more detailed discussion of GLMs 

ii :s1sp ecifìc comparisons 

1 1.5.1 Main ef干ects
Planned contrasts for the between-plots/subjects 
main effect are done in the same way as described 
in Chapter 8 and simply average across the within­
plots/subjects factor levels for each experimental 
unit. Planned contrasts for the wi由in-plots/sub­

jects main effect assume multisample spheri口可
if the usual B(A) X C term is to be used as the 
denominator.τhe two alternatives are to adjust 
the df for these contrasts using the G-G or H-F 
巳stimates ofε(Section 11.3.2) or use separate error 
terms. e.g. Ccontrast X B(A). 岛r each contrast (Kirk 
1995). These error terms are calculated similarly 
to those for analyses RCB (or simple repeated 
measures) designs described in Chapter 10. except 
that the contI苟且s are calculated across the levels 
of factor A; 阻rk (1995) provides computational 
details bu t good sta包stical software will calculate 
these separate error terms. They basically repre­
sent a separate F-ratio testing for differences in 
the levels of C within each level of A. Keselman & 

Keselman (1993) suggested an approximate paired 
t test with separate error terms based on the two 
groups being compared. called the KKS test. 
similar to that described in Chapter 10. although 
Satterthwai胆's adjusted df are used 

Unplanned comparisons for between-
plotsjsubjects factors are done in the same way as 
described in Chapter 8, and simply average across 
the within.plots/subjects factor levels for each 
experimental unit or subject. The usual 
unplanned multiple comparison procedures may 
not be reliable for within-plot/subjects factors 
because the means are probably correlated to 
some extent. particularly for repeated measures 
designs. Keselman & Keselman (1993) described 
some new stepwise multiple comparison proce 
dures for within-subjectslplots factors. The sim. 
plest approach might be to contrast the specific 

levels ofC applying a Bonferroni-type adjustment 
of significance levels for multiple testing if 
required (Chapter 3). Note that these contrasts 
between levels of C w i11 use the B(A) X C term as 
the denominator and there岛re assume multisam 
ple sphericity; adjusted df should be used based 
on G-G or H-F estimates ofε ， 

1 1.5.2 Interactions 
In part1y nested ANOVA models. the main interac. 
tion of interest is between A and C and represents 
an interaction between a betweer叩lot时 subjects

factor and a within-plotslsubjects factor. This 
interaction can be explored with "interaction" 
plots of means. where we might have the levels of 
E注ctor C along the horizontal axis , the response 
variable along the vertical 阻is and each point rep­
resents the mean of也ctor A levels across plots/sub­
jects within each A level. Deviations 仕om parallel 
lines indicate some interaction between A and C 

Tests of simple main e旺ects can also be done as 
described in Chapter 9. the only difficulty for the 
designs in this chapter is choosing the appropri­
ate denominator for the F tests (Kirk 1995. 
Maxwell & Delaney 1990). In Chapter 9. we 
pointed out that 岛r a two factor crossed (A. B. A X 
B) linear modeI. the SS for simple main effect tests 
for factor A represent partitioning ofthe SSA and 
SSAB' whereas the simple main effects tests for B 
represent partitioning ofthe SSB and SSAB. In con­
trast to the two factor completely randomized 
design. however. the test of the A term in a partly 
nested model with A and C 且xed and B (plotslsub­
jects) random uses a different denominator than 
the tests ofthe C and AXC interaction tenns. So 
what denominators do we use for the simple main 
effects tests in a partly nested model? 

η1e simple effects tests for C at each level of A 
separately. e.g. the effo巳ctofO， level画oreach breath 
ing type separately in the Mullens (1993) example. 
are relatively straightforward because both C (0, 
level) and AX C (breathing type X O, level) use the 
same denominator - C X B(A). Note that if mu1ti 
sample spherici可 does not hold. then these tests 
should be based on adjusted degrees of 仕'eedom
using the G-G or H-F estimates ofε(Section 11.3.2) 
Alternatively. separate denominators should be 
used for each simple e岱ct， the equivalent to cal 
culating a simple repeated measures ANOVA 

SPECIFIC COMPARISONS 

testing C within each level ofA separately (Chapter 
10) 

For the sinlple effects tests for A at each level 
ofC separately. e.g. the effect ofbreathing守pe 到or

each 0 , level separa tely. 阻rk (1995) and Maxwel1 
& Delaney (1990) recommended using a denomi. 
nator that represents the average of the B(A) and 
B(A) X C terms. This is sometimes called the 
within-cells error term 

空旦4坐坐i王二 (11.5) 

Tests using the error term in expression 11.5 

might be biased. especial1y if the two terms con. 
tributing to the pooled term are very different 

1 1.5.3 Profìle (i.e. trend) analysis 
A useful approach. which can be used in CûI可unc­
tion with any experimental design where at least 
one factor is quantitative. is to look for trends 
across levels ofthe quantitative factor (Chapter 8). 
Fordesigns in this chapter, the common approach 
is to test 岛r trends across the levels of factor C (the 
within plots/subjects factor) if C is quantitative 
(e.g. time. O

2 
level). The simplest trends to 

examine are those of a polynomial form , such as 
linear, quadratic. cubic. etc. (see Chapter 8) 
Tabachnick & Fidell (1996) provide an excellent 
description of these methods for repeated meas­
ures designs. and there且ore for partly nested 
models in general 

The number of polynomial contrasts that can 
be calculated is one less than the number oflevels 
of the relevant factor. For example. if there were 
six levels offactor C. you could test for linear (X). 
quadratic (X斗. cubic (町. quartic (X4

) and quintic 
(X5) polynomials, a1though it is often difficu1t to 
attach biological meaning to trends more 
complex than cubic. It is important to remember 
that these trend tests depend on the metric 
(spacing) of levels of the quantitative factor例. as 
discussed in Chapter 8, and that most statistical 
software assumes equal spacing by default 吐r
tests of these polynomials are statistically ortho­
gonal (independent) of each other because each is 
tested using a sepa四te component of dfc and MSc 
(or A X C if trends are tested as part of the interac­
tion). with sepa四te components ofthe dfc酬 and
MS~n，.， for the denominators of each trend F test 

CB(A) 

321 
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Testing for trends as part of analyses of c1assÎ­
cal repeated measures designs is often termed 
profile analysisσ'abachnick & Fidell 1996). As 
with tests of trends in completely randomized fac­
torial designs discussed in Chapter 9, there are 
two types oftests ofinterest in profile analysis 

• Main effect trends , usually across the within­
plotsfsubjects factor C pooling the levels of 
factor A. For example, is there a linear trend in 
breathing rate oftoads across oxygen 
concentrations , pooling the two breathing 
types? Is there a quadratic trend? A cubic 
trend? Trends could also be εxamined across 
factor A as part of the between-plotsfsubjects 
part of the analysis 

• Treatment-contrast interactions for 
examining the AXC interaction term. Here we 
compare trends ofthe same form (e.g.linear) 
across C between different levels of factor A 
For example , is the linear trend in breathing 
rate of toads across oxygen concentrations the 
same for the two breathing 句rpes? Is the 
quadratic trend the same?τhese tests are often 
described as tests of parallelism (Tabachnick & 

Fidell 1996) , since testing whether the linear 
trends are the same across level of A is clearly a 
test ofwhether the trends are parallel 

We do not provide computational details for cal­
culating these trend tests because there is 
nothing additional to the information we 
included in Chapter 9 and these trend tests are 
usually default output 仕om statistical software if 
the data are coded, and analysis run. as a classical 
repeated measures design. Note that some soft­
ware will automatically test each trend M5 
agalnst a separate error term so that multisample 
sphericity is not assumed. Alternatively, the B(A) 
X C term could be used , with adjustments to the 
dfbased on the G-G or H-F estimates of ê. Growth 
curve analysis can also be useful for ecophysiolog­
ical studies and involves comparisons of nonlin­
ear regressions of a more complicated form than 
simple polynomials (Potvin et al. 1990) 

An example of these trend analyses was pro 
vided by Sharpe & Keough (1998) , who examined 
temporal trends in chlorophyll-a and in the 
density of herbivorous snails following the 
removal of dominant grazers from the intertidal 

zone of a rocky shore. The removal treatments 
were the between-subjectsfplots factor, and time 
was the repeated factor. Individual boulders were 
the plotsfsubjects , so different boulders received 
different removal treatments. They recorded 
chlorophyll-a 仕om randomly selected areas on 
each boulder. and censused a range of herbivores 
once a month. They contrasted the linear tempo 
ral trend in abundance of each species (as a 
measure of recolonization rate) between particu 
lar combinations oftreatments. We also i11ustrate 
these trend analyses in the worked examples in 
Box 11.2 and Box 11.4 

川，6 I Analysis of unbalanced partly 
nested designs 

Unequal sample sizes can arise in partly nested 
(split-plot or repeated measures) designs in two 
ways. First, the number ofplots or subjects in each 
level of the between plots factor might vary, Since 
the between-plots tests average over the within 
plots factors. this type ofunequal sample size is no 
different to unequal sample sizes in the usual fac 
torialANOVAs described inαlapter 9, and our rec­
ommendations are the same. Remember that 
checking assumptions becomes much more 
important when sample sizes are unequal and 
that even tests ofwithin-plots呐fsu毗b剖'Je配ct臼s fac配ct归or白s can 
b快e more s担en旧S1山tm回'e tωoa剖ss阳ump严tí旧ons(忙e.g. s叩phe町r口1山C口1吵呐) 
W咄hε四n the bet时we臼e凹n叩-p冉lotsj归l

des日19n 1阻s unbalanced (仪Ke凹selman & Ke臼selm丑lan1 

1凹99归3).5缸ec四ond叫d， when we have no replication within 
each cell (the classical split-plot or repeated meas 
ures design), then missing observations equate to 
missing cells. If you have a reasonable number of 
plotsfsubjects, then a simple approach is to delete 
the plot(s) or subject(s) with the missing observa 
tions; this causes problems if sample sizes 
(number of plots or subjects) are small because the 
between-subjectsfplots pa且 of the analysis may 
become severely unbalanced. Basically. most sta 
tistical software will use this approach by default 
if the data are set up for a c1assical repeated meas­
ures analysis. !f you don't have many plotsjsut• 
jects but lots oflevels ofthe within-subjectsjplots 
factor(叶， then it might be better to omit the level 
offactor C (or the combination oflevels ifyou have 

皿ore than one within-subjectsjplots factor) with 
the missing observations. 白1Îs approach changes 
the null hypotheses being tested, of course , but if 
the hypotheses are general ones about trends 
through time and you have a long time sequence, 

then omitting one or two times may not have 
muche他ct

An alternative solution is to simply fit the 
partly nested linear model (Berk 1987) and 
compare this 缸11 model with appropriate reduced 
models for specific hypotheses. as described in 
Chapter 10 for RCB designs. Unfortunately, the F 
tests are more sensitive to the sphericity assump­
tion when obseIVations are missing and most 
statistical software doesn't provide epsilon esh 
mates. nor adjusted univariate tests , when the 
analysis is run this way, so be careful. As we rec 
ommended in Chapter 10 for RCB and simple 
repeated measures designs , a practical strategy 
may be to delete the subject(s)jplot(s) with the 
missing obsetvation俐， running the analysis as a 
c1assical repeated measures design to check sphe­
ricity and then only fit a partly nested linear 
model to the data with all subjectsjplots if that 
assumption is tenable. This is messy but there are 
not many practical options when dealing with 
missing observations in these designs. 

More complicated solutions are provided by 
Berk (1987) , who suggested ML and REML estíma­
tion procedures that weight the observations , by 
Kirk (1995), who described using the cell means 
model and testing a subset of hypotheses using 
contrasts , and by Rovine & Delaney (1990). AlI 
these methods wi1l be di值cu1t for practicing biol­
ogists , at least until thεy are standard compo­
nents of statistical software 

1 1.7 I Power for partly nested 
designs 

As expected, power calculations become more 
complicated with these complex designs , with the 
possibility of separate power ca1culations for a 
series of main effects, and interactions. We can 
divide these tests into those involving only 
between-plotjsubject terms, only within-plotf 
subject terms , and interactions between the two 
groups. For between-subjects factors , power ca1cu-

MORE COMPLEX DESIGNS 

lations are similar to those described for Chap恒rs

8 and 9. They are routine when main effects are 
of interest, and they can be made easier by recod 
mg 吐le data file as means, averaging across 
the repeated or within-plots factor levels. For the 
more complex within-subjectsjplots effects , the 
power ca1culations can be done. with two impor­
tant steps. First, speci命ing an effect size can be 
very difficult, as for a11 complex interactions 
Second , in computing power 岛r a parti口jlar

effect, we must identi命 the denominator used to 
test that effect, and use that M5 to generate the 
va口ance estimate needed to ca1culate power 

One special case in which the power ca1cula 
tion is relatively simple is the family of BACI 
(Before-After-Control-Impact) designs used in 
environmental monitoring. The test for an envi­
ronmental impact is an interaction between 
Before-After and Control-Impact, tested using, for 
example. changes Before-After at replicate loca­
tions within Control and Impact categories. In the 
original formulation ofthis design, with two loca­
tions (C and 1) , two periods (B and A) , and multiple 
sampling times within each period. we could use 
a partly nested analys凹， with periods , times 
飞<'ithin periods , and samples at C and 1 at each 
time. An impact would be revealed as a change in 
the difference between C and !，企üm the Before to 
the After period. Stewart-Oaten et al. (1986) 
pointed out that this design can be analyzed as a 
t test, simply by calculating the dif:岳rence ， C-I, and 
comparing that difference between periods. As a 
consequence, rather than formulating an effect 
size based on the interaction. we can specI市 an

effect size as the divergence or convergence of 
these C-I differences. More complex formulations 
of this design (e ,g. Downes et al. 2002 , Keough & 

Mapstone 1997) can also be simplified in this way, 

because the interaction of interest is between the 
main between- and within-plots factors. and each 
of them has only two levels 

Ii ,8 I More complex designs 

50 far we have considered partly nested designs 
involving one between-subjectsjplots factor 间，
one within-subjectsfplots factor (C) and one 
factor representing subjec臼jplots (B)τhese 

323 
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E咄咄en plorsJsubjects 
Source P F M5 df S5 

0.002 
口 821

0.438 

48.975 
0.059 
0.740 

88.3 13 
0.106 
1.334 
1.803 4 

口
创
4
3

3l3z mol7 
Habitat 
Region 
HabitatX 陀glon

5此e(hac归t 陀gion)

GG 

0.019 
<0.006 

0.299 
0.665 

P 

u
m
m川

0000 <<

F 

5.941 
8.806 
1.396 
0.471 

问5

4.425 
6.559 
1.040 
0.351 
0 .745 

df 

li--4 llli4 

55 

48.676 
75.152 
1 1.436 
3.858 

32.774 

0.2104 
0.8907 

Month 
Hab阳tX month 
RegionXmon飞h

HabitatX 陀glo门 Xmonth

5阳(habitat 吨。η) X month 

Greenhouse-Geisser ep到 lon:

Huynh-Feldt epsilon: 

WI仇in þlc 臼 Isubjects

Source 

of bird communities in forests of sOlltheastern 

Australia. They had eight sites (i.e. plots) arranged 

in a two factor crossed design with factor A being 

habitat (two levels: dominated by ironbark euca­

lypts vs dominated by stringybark ellcalyp臼) and 

factor B being region (two levels: north of Great 

Dividing Range and south of Great Dividing 

Range) with two sites within each combination 

Each site was censused monthly for twelve 

months , 50 month was the within-plots/subjects 

factor 白le response variables inc1uded flowering 

index , density of nectarivorous birds , spe口es rich­

ness of nectarivorous birds etc. The analysis for 

this example is in Box 11 .4, where we analyze the 

density of nectarivoro l1s birds , transformed to 

logs after adding one to each observation to 

account for zero val l1es. 

experimental designs can be extended to inc1ude 

more than one between-subjects/plots factor 

and/or more than one within-subjects/plots 

E画ctor，

千
引UU
巾
们
川
川
川

i
J

川

川 8.1 Additional between-plots/subjects 

factors 

咀lere is nothing diffìcu1t about additional 

between-subjects/plots factors , because this part 

ofthe analysis is just an ANOVA on the average of 

the response variable for each plot/subject. For 

example , a four factor design might have two 

between-subjects/plots factors (A and C). one 

within-subjects/plots factor (D), and factor B rep 

resenting plots nested within A and C. For 

example, McGoldrick & Mac Nally (1998) studied 

the impact of eucalypt flowering on the dynamics 

Our analysis agrees with that published by McGoldrick & Mac Nally (1998) ,although 

they did 110t present adjusted tests for within• plots/subjects tests. The adjusted df 

did not change our conclusions. The month e他ct varied between hab 国.ts and 
the陀 were neither e而已cts of阳gion nor any interactions between habitat and region 

or region and month. Note that the epsilon estimates dif古巴rg陀atly and for the th陀e

factor interaction , the adjusted test i5 more liberal than the unadjusted te自

P 

。 025

0.0 12 
0.203 
0.501 

F 

12.231 
18.689 
2.307 
0.546 

M5 

16.056 
24.532 

3.028 
0.717 
1.3 13 

df 

4 

55 

16.056 
24.532 

3.028 
0.717 
5.251 

Time 
Hac阳tXmon出
Region X month 
Hab比atX 陪gionX month 
5ite(hab阳t 陀gion) X mc门甘、

Linear trenc立
50uπe 

Box I 1.41lmpact of flowering on forest bird communities 

As de5cribed in Section 1 1. 8. 1. 问cGoldrick & Mac Nally (1998) 由Jdied the impact 

。f eucalypt flowering on the dynamic5 of bird commun民ie5 in forests of S.E 

Australia. They u咒d a pa同 Ý nested de5Îgn with tvvo betvveen-plots/subject factors 

(habitat and 陀:gion) with tvvo 5ite5 within each combination. Each site was censused 

monthly for twelve mont 丁 S ， 50 tlme was the w协in-plots!su七 ects facto仁 The

response variable we will analyze is naturallog transformed (density of ne白 rrvor-

ous birds + 1) 

The specifìc null hypotheses of inte陀st were as follows 

P 

0.041 
0.025 
0.360 
0.496 

F 

8.897 
12.182 

1.069 
0.558 

M5 

13.099 
17.935 

1.574 
0.822 
1.472 

df 

4 

55 

13 口 99

17.935 
1.574 
0.822 
5.889 

Time 
Habitat X month 
Re毡 onXmonth

Habitat X region X month 
5比 e(hab由1， region) X month 

Q旧dratic t陀nds

Source 

No difference betvveen hab归.ts in the mean 10ι(density of nectarivorous 
birds + !), pooling regioηs and months 

No differe打 ce between r毛gions in the mea门 lo~ (density of nectarivorous birds 
+ 1), pooling hab阳t and months 

No interaction between habitat and region on the mean log~ (density of 

nectarivorous birds + 1), pooling month旦 Rephrased. the effect of habitat on 

the mean lo~ (density of nectarivorous birds + 1) was the same for both 

目gions and vice versa, pooling months 

Nodi他同nce between months in the mean lo~ (density ofηectanVQrOU5 
P 

Time 
Habitat X month 
Region X month 
Habitat X region X month 
Site(hab阳t， r它gion) X month 

。 161

0.003 
0.194 
0.619 

F 

2.943 
39.375 
2.432 
0.290 

M5 

1.696 
22.695 

1.401 
0.167 
0.576 

df 

4 

55 

1.696 
22.695 

1.401 
0.167 
2.306 

Cubic trends: 
Source birds + 1), pooli门g habitats and regions 

No interactions between habitat and month, region and month, or hab阳t and 

re目on and month on the mea门 lo~ (density of nectarivorous birds + 1) 

Re-phrase 才， the effect of habitat. pooling region二 was the same 旧 aJl months, 

the e忏ect of region, pooling habitats, was the same in all mo门ths， a扫才 the

interaction between habitat and region was the same in all months 
The trend analyses indicate that any linear; quadratic or cubic trends through 

time differ between the tvvo habitats. It is clear from Figure 1 1.5 that there is li忧le
change through time in stringybar长 hab阳ts but marked declines from the austral 

a皿umn and winter through to spring and summer for ironbark habitat 

With no 陪plicates within each combination of habitat. region , site and month , we 

could not test hypotheses about the random factor sites within habitat and region 
or months by 5把5 within habitat and region 
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between plots factor C (ef坠ct of region) , pooling 
habitats and months 

o lronbark north 
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αγ队 is the eff诠ct of the interaction between 
the ith level of A and kth level of C (interaction 
between habitat and region) , pooling months , 

ßj(ik) is the effect ofthejth plot (factor B, site) 
within the ikth combination A and C 

0, is the ef岳ct of the lth level ofthe within 
plot臼s factor D (effect ofmonth川1叶) 

αl\r is the effect of the two way interaction 
between the ith level of A and the lth level ofD 
(interaction between habitat and month) 

γÔk! is the effect ofthe two way interaction 
between the kth level ofC and the !th level ofD 
(interaction between region and month) 

αγ 0，，， is the effect of the three way 
mteraction between the ith level of A, the kth 
level ofC and the lth level ofD (interaction 
between habitat and region and month) 

β吧。~)l is t1盯ffect of the interaction betw巳en
thejth plot (factor B) within the ikth 
combination A and C and the lth level of D 
(interaction between site (within habitat and 
region) and month) 

εijk!rn is the error term. Note that Bjiklm cannot 
be estimated separately fromβ月间"盯his model 
unless there is replication withi-ù "each cell. 
which is unusual. By recording the same sites 
once at each time, McGoldrick & Mac Nally 
(1998) did not have replica阻s wi thin each 
combination ofhabitat, region and month and 
50 could not estimate BjikJm 

τhe general expected mean squares are in 
Table 11 .5, as well as those for the Common case 
whereby A, C and D are fixed and B (plots or sub­
jects) is random , The between'plots/subjects terms 
are tested against MS蚓AC} and the within'plots/sub­
jects terms are tested against MSDB(AC\. Error terms 
for other combinations can be determined 仕om
the expected mean squares and are provided in 
Table 11.5 following the rules in Box 9 ,8 - see also 
阻rk (1995) and Winer et al , (1991) , 

To 且lrther illustrate this design , consider the 
study of Morris (1996) who examined factors 
affecting the densi可 of roden ts in the RockY 
Mountains ofthe USA. He had nine locations , with 

• Ironbark south 

ð Stringybark north 

... Stringybark south 

A 

-画画..aJ Meanlog二 transformed density of birds (+ 1) 
阳。 habitats (ironbark and stringybark fores叫 and two 

regions (north and south) for twelve months from 
问cGoldrick & Mac Nally (199创
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币le appropriate linear model for a split-plot or 
repeated measures design with two crossed 
between'plots/subjects factors is 

(11 ,6) 

(log density of nectarivorous birds plus 
one)ijklm=μ+ (habitat), + (region)k + 
(interaction between habitat and region)ik + 
(site within habi阳 and 吨ion)j(ikl + (mon叫+
linteraction between habitat and monthL + 
(int<胆e盯r阳actl阳on bet口、weε凹四n r，因egion and mont由h叶轧轧)H卢，…
(伽1I皿nt，田e盯ract口tlOn田on b快etwe田e凹n ha咀abitat且t. region and 
month)剧+ (interaction between site within 
habitat and region and month)j(削+句1m (11.7) 

Yijk!m = μ+α，+孔+αγ"十卢J(优，+鸟 +α8n +
γ8，， +αγδ阳+闷。叩+ Bijk!m 

From McGoldrick & Mac Nally (1998) 

In models 11.6 and 11.7 we 且nd the following. 

μis the overall (constant) population mean 
log density ofnectarivorous birds plus one 

α， is the effect of the ith level of the 且rst
between plots factor A (effect ofhabitat), pooling 
regions and months 

γ'k is the effect of the kth level of the second 
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的two habitats (xeric and mesic) at each location (i.e 

a 9 X 2 factorial design) , with two replicate grids 
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Table 1 1.61 苟同司二…卢即nested由叩仕om Morris (1996) with two crossed between-plots factors 
(habitat and location. both fixed). one wi由in-p1c臼 factor (time. fixed) and grids as random-plots. Thére is on飞y
one observation withìn each combination of A, B. C and D 

一王E白牛i卢二 II .7 IA剧NOVi旧1\ ta由b帷le fc如O盯rp阳a盯r呻t
plot臼5 factors (怡pr阳'edat阳ors ， light level, soil; all fixed) , one within-plots factor (time, fixed) and plots as random plots 

Source Source df F-ratio denomi nator 

凸etweeη þlo臼!sub)ects Between þlo臼
A Predators Plot (predat町s， $oil. I阱)

C 5011 Plot (predators，白1 1， 1唱ht)

D light 问ot (predators, sol l, Ilght) 
AXC Predators X 50il Plot (predator5, 5011 , Ilght) 
AxD Predators X Ilght Plot (predator5, 5011 , 1盼t)

CXD 501lXI但ht Plot (predat町S， 50il , I悟性)

AXCXD F陀dators x 50il X light Plot (predators, 5011, Ilght) 
B(ACD) Plot (predator5 , soll, Ilght) 16 

With 门 þlots!su句 ec臼 川11th ηþlots

E Time 4 Plot (predator三四11 ， light) X tlme 
AXE Predators X ti me 4 Plot (predato凹， 50i l， lig卡呻 Xti门回

CXE 50il Xtime 4 Plot (pre 才 ators ， SC此 Ilght) X tlme 
DXE LIghtXtlme 4 Plot 怡 redators ， $oil , light) x time 
AXCXE Predators X 50il x time 4 Plot (predat旷5， 5011 ， Ilght) X tl旷 e

AXDXE Predators X light x time 4 Plot 怡 redat时5， 50il , 1盼t) Xtlme 
CXDxE 501lXII如 Xtlme 4 Plot (口redator5 ， 50il, 1唱ht) Xtlme 
AXCXDXE Predator5 X 50il X light Xtime 4 Plot (旷edat旷乳白11 ， Ilght) X tlme 
B(ACD) X E Plot (pr古dat町队 50il ， 1 目ht) Xtlme 64 

Source 50u陀e df F-ratio denominator 

Between þlo臼!su句ects Between grids 
A Hab比at Grld (hab阳t， loca妇on)
C Location 8 Grld (habltat, locatlon) 
AXC Habltat X locatlon 8 Grld (habltat. locatlon) 
ß(AC) Grld (habltat. locatlon) 18 

Wit.阳门 þlots!subjec臼 Within grids 
D Time 2 Grld (hab阳t. locatlon) Xtlme 
AXD Habitat X tlme 2 Grld (habltat, locatlon) Xtlme 
CXD Location X time 16 Grld (habltat, locatlon) Xtlme 
AxCXD Habltat X locatlon X tlme 16 Grld (habltat, locat旧n) Xtlme 
B(AC) X D Grld (habltat. 1旺atlon) X tlme 36 

for each combination of location and habitat 
Grid5 were thus the plots or subjects and location 
and habitat were the between plots/subjects 
f且ctors. He sampled each grid at three times (early, 

mid , late summer), 50 5ampling time was the 
within plots/su时ec臼 factor. The ANOVA for this 
study is in Table 11.6, illustrating the appropriate C, 

errorterm5 岛r each effect in the model, based on 
all factors except grids (i.e. plots) being fixed. 

A more complicated version ofthis design was 
used by Letourneau & Dyer (1998) , who εxamined 
the effects of top predators (beetle larvae p四sent

or absent) , soil type (nutrient rich or poor) and 
light level (high or low) on colony size of an ant 
species on seedlings planted in three replicate 
pots (i.e. plots) in a three factor crossed design 
Each pot was recorded on five occasions over 18 
months , with time as the within-plots/subjects 
也ctor. The ANOVA 自or this study is in Table 11.7 
with error terms based on a11 factors except plots 
being fixed 

A further modification of the between­
plots/subjects part of the design is where A (the 
between plo臼 factor) and plots are arranged as a 
RCB designσ'able 11.8). The appropriate linear 
model 岛r this design is 

Y!i~=μ+αt 十日~+αβ。÷飞+αγ仇十自取+
αβγ萨 +eijk! (11.8) 

ln model 11.8 

μis the overall (constant) population mean , 

α" is the effect of factor A, 

γ'k i5 the efl岳ct of factor C, 

αγ'jk is the interaction between factors A and 
litter) in each site on each date. Site and date were 
between plots factors (although there was only 
one "plot" 自or each combination of site and date) 
and microsite was a within plot factor (Table 11.9) 
Although not stated in their paper, they treated 
site as a random block effect and assumed there 
was no site by date interaction since they tested 
the random site e任挝t against this interaction 
term. A second example comes 仕om Evans & 

England (1996) who looked at the effect of artifi­
cial honeydew on the numbers of adult weevil par­
asitoids on alfalf;注 plants τhey had three 
treatments (early application of artificial honey­
dew followed by water, early application ofwater 
岛llowed by arti且dal honeydew, two applications 
ofwater only) , each allocated to one ofthree "sub­
plots" in each of ten rows (plots or blocks). The 
numbers of parasitoids were recorded 仕om each 
subplot on two separate dates about ten days 
apart. The ANOVA for this design is also in Table 
11.9 and Evans & England (1996) 自t恒d an additive 
model with no treatment X row interactions , 

allowing tests for row (i.e. plots) and row X date. 

1 1.8.2 Additional within-plots/subjects 
factors 

Extra within-plots/subjects factors can al50 be 
included in these designs , although this compli 
cates the analysis because multiple denominators 
now must be used for the F tests for the within 
subjectslplots terms. With one between-plots 
factor 俐， two within-plot5 factor5 (C and D) and 
plots (factor B) nested within A, the appropriate 
linear model is 

Yijk!m = μ+α，+鸣。1+ 飞 +αγ'jk +卢01快十 81 十
αbil + 卢8州， +γ8，， +αγBik!+ βγ电(阶， +ε脉'm (11.9) 

ln model 11.9: 
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码 is the effect ofplots/subjects (i.e. blocks) , 

α同ij'βγ户， and αβγ'íjk are the interactions 
between A, C, AX C and plots/subjects , and 

εþJ is the error effect. Note that 8 ,,,_. cannot ~! -- ---- _____ _____L. _'~L_ L__~L Vjjk[ 

be estimated separately fromαβγÚk in this model 
unless there is replication within -each cell , 

which is unusual 

This is basically a three factor unreplicated 
ANOVA, identical to a factorial RCB design 
(Chapter 10). If A and C are fixed and B (plotsfsub­
Jects or blocks) is random. then A is tested against 
A X B (plot) , as in all RCB designs , C is tested 
agamst C X B and A X C is tested against A X B X C 
(Table 11.8). There are no tests for plotfsubject (i.e 
block) or its interactions with A and C, unless 
quasi F-ratios are used. 

A♂liar & Sala (1997) used such an analysis in 
their investigation of seed movement in the 
Patagonia steppe. They had three sites recorded 
on three dates and they measured seed availabil­
ity in four microsites (bare ground , gra田， shrub , 
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fit岱t廷'ed model i拈s non阳，.a刚-咀甜add曲1眈iti阳肌回盹e已， in旺时1χ叫d巾lud阳1口ingAxB协loc巾ks in川nteractions. An additive mode1 means that all the (咐 terms would disappear fr咽 the EMS , al10wing te阳 岛E
B (blocks) and B (blocks) x C 

，产

Test E问5 (A, C fixed , B random) 

问5A /问5A，

No test 

No test 
AXB 

问5C /问5BC
M5AC / 问5AB 二

Table 1 1.91 ANOVA tablefor pa呻 nes时也signs with a RCB betwecn-plots component 

Evans & England (1996) Aguiar & 5ala ( 1997) 

严 rat旧 denominatordf Source F-ratio denominator df 

Residual 
Re到dual

吁
，
也Q
J
Q
U

Belwee门 μ015/5U句ι15

币卡eatment

Row (= block) 
Re到 dual

Residual (site X date) 寸
，ι
句
，ι
A
汁

丁reatment X row X date 
T陀atment X row X date 
Treatment X row X date 

l
l

丁
'
ι
n
γ
n
o

阳的m μ015/5U句ects

Date 
Treatment X date 
RowXdate 
Treatment X rQW X date 

Date X microsite 
Date X site X microsite 

2J/oroqL 

Belween p1015/5U向jects
Date 
5ite (= block) 
Residual (date X 到le)

W，的in p1015/5υ bJect5 

Microsite 
Date X microsite 
Site X microsite 
Date X site X microsite 

50urce 

NOle 
The example 什om AgUlar & 5ala (1997) has date (丑陋d) and site (a 广andom blocking factor) as between-plots (blocks) factors and micro到te
(白xed) as a within-plots (七 ocks) facto r. Ther芭 ISC 巾 one observation for each site and date combination and the four microsites were located 
within each plot (刨出k) ， The exam酬e from Evans &在ngland (1996) has treatment (们xed) and row (a rando 节 blocking 也ctor) as between-plots 
(blc 二 ks) 臼ctors and date as a within-plots (七 ocks) 也cto r. Evans & Engla门d (1996) fitted an additive model assuming no treatment X row a门 d no 
t陀atmentX 仁OW X date interactions, allowing tests for row and row X date. There is only one observation for each t陀atment an 才 row

combination a门d each combination was recorded on two dates 

General expected mean square (E问5)01 50urce 
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(q - 1) 
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Wilhin plots/su乌 ects
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(q 一 I )(r一 1)

(p-I)(q 一 I)(r-I)

C 

AXC 

AXBXC 

BxC 



权
旦
。

z

ENt 飞、札记 N寻
E 且再~ 6-- b 
Q 0- ι 哥且 F

+十+ + + + 
Ndtm赴刑是~~ ~~ ~哩 哇';( ';( 
且且且色 且 E 飞飞飞飞飞飞
+ + + + + + +十十
N , N , ι N. 俨叫 ι 俨叫 ι M N. b- b- b- b、 b- b- b- b、 b、

曳
飞

NKU+NEb 

-
川
L
U
T
E
T

吱

J
b
e
Q
+

亏

、

Y
E
+
λ
E
b
a
Q
F
+
叉
叫
b
e
Q
+
T

如
飞
、
人
町
、

L

句

N
b
L
+
N
b
Q十
N
b

A
V
L
U
+
电
Q
+
λ飞
Q
r
A
K
V
T
T

N
A
E
E
+
f
a
Q
L
r
b
叫
b
e
Q

十
八b
L
Q
E
+
b
d
b

、

G
A
G
E
+
A
b
L
Q
D
Q
+

专

入
飞
地
人
飞

N
b
G十
川
b
Q
+
N
b

、
E
O
V
J
T
、
企
甘
飞

h
q

但

T

飞
飞

ω
U
U

N
b
E
+
N
b
Q
ω
+
N
b
Q
O十
川

b
Q
Q
+

例
b

飞
、
"
王
+
入
川
b
a
Q

寻

+
λ
叫
b
e
Q
+
A
b
M
Q
E
+
h

又
叫bM
Q
巳

Q
E
+
1
?
"
Q
U
Q
+
T

CU(
<)mouv

<

的
艺
\
m
Z

GU(
<)Jaou

的
Z
\
m
z

H
ω
ω
H
O
Z
 

。
(
〈
)
函
。
〈

的
立
飞
的

Z

OZEC 

的
艺
\
m
z

百
旦
。

z

U
O
S
J
Z
\

日
山Z

U
(〈
)
凶的
艺
飞
的
工

百
旦

o
Z

N
C已十
N旷

(
〈
)
回
〈

的
汇
\
m
z

T
E
r
n
f
L
+
专

~ 
的

们

• 

(
E
O节E
E

由
一U
U×
早

。

-
U〈
)
的E
U

(
一l
ω
)
(
-
l
L
)
(

←
l
F
)且

(
一l
N
)
(
一
」
)
(
一
l
a

(
一
叫
)
(
一
l
l
L
)

(
一
ω
)
(
一
l
p
)且

(
一
ω
)
(
一

-
1且
)

(-N) 

(-L)(

•

34 

(•

liL)(-S 

(
一l
」
)

。
×
U
×
(
〈
)
国

。
×
U
×
〈

。
×
(
〈
)
国

υ
×
(
〈
)
国

。
×
υ

。
×
〈

U
×<

的
叫U
ω
「4
3川
\
扫
卫-4
E毛主
主

(-34 

Q 
) 

(
〈
)
皿

←E
U
C
ω
田
的Z
U

可

的
"
U
L
ω
-
Z
E
B
o
-

且
E
ω

主

ω
咱

m
w
u
」
2
0
的

口
-
v口m
u
d
B〈
』
。
口
。z
m
E
A
E
B
Z
u
s
a
-
Z
H
Z白白
=
E
E
A
。
ω
【
国
同
时
司
司
、

2
E
O
m
H
E
U
Z
L
F
E
-
V
H

司

U
)
E
E
u
d

a
。
卢
萨
自
击E
百

E
E
C
E
Z
a
g
a
z
2
3
4
3
0
-
E
S
E
Z
4
2
2
E
E
E
ω
-
t
d
o

￡
E

口
国
H
E
Z
B
E

口

K
Z
E
k
d
E
E
d
g
g
c
u
n
Z
ω
E
S
x
o
f
5
5

。
Z
〈

-
2
.二
ω
Z
A』

m飞
飞
飞
飞
』
纷
飞
如
均
人
飞

ω

』

h

N
b
E
+
肘'
b
Q甘
十

N
b
Q
C
+
N
b
Q
Q
+
N
h
b

N
U
S
+
N
C
e
Q
L
+
A
K
U
L
Q
F
+
入
叫
b
L
Q
V
Q

仆
、
"
Q
F
l
?
A
b
u
Q
P
Q

十
b
A
川
b
"
Q
Q
F
+
飞
叫
b
v
Q
-
Q
O
Q

个
例J
V

SPLlT-PLOT AND REPEATED MEASURES DESIGNS 

dispersed and clumped) 0口 seed consumption 
in experimental arenas for three species of 
rodents. Species was the between-subjects 
factor and there were approxima胆ly 17 
individuals/subjects 自or each species. Each 
individual was tested under each illumination 
level and each seed distribution in a crossed 
arrangement (four combinations) , so 
illumination and seed distribution were 
separate within subjects factors (Table 11.11) 

• Green (1997) studied the effects ofland crabs 
on recruitrnent of rainforest seedlings on 
Christmas Island. He used two habitats 
(understory and gap) in the rainforest as the 
between-plots factor with seVen paired plots in 
understory habitat and three paired plots in 
gap habitatτllese pairs were the "plots" or 
"subjects". One plot (i.e. "sub-plot") in each 
pair allowed access to crabs and one (sub)plot 
exduded crabs , so exdusion was one within 
plots factor. Additionally, each plot and 
(sub)plot was recorded monthly for 23 months 
(although only 22 months were analyzed) so 
time was a second within-plots factor , This 
example inc1udes a 也ctor whose levels are 
allocated to (sub)plots within plots (pairs) plus 
a factor representing the 飞I.'hole plots recorded 
through time (Table 11.11) 

αγ陇 is the effect of the two way interaction 
between the íth level of A and kth level of C (i.e 
A X C interaction), 

βγ)(i)k is the interaction between the kth level 
ofC and thejth plot (B) within the íth level of A 
(B within A X C interaction), 

0, is the effect of the lth level of factor D (the 
second within-plots factor) , 

αOjl is the effect of the two way interaction 
between the íth level of A and the !th 1巳velofD
(A X D interaction) , 

βOj{ijl is the interaction between the 7th level 
of D and the jth plot (B) within the íth level of A 
(B within AX D interaction) , 

γ8川 is the effect of the two way interaction 
between the kth level of C and the lth level of D 
(C X D interaction) , 

αγ'8jk1 is the effect of the three way interaction 
between the ith level of A, the kth level of C and 
the lth level ofD (A X C X D interaction) , 

βγ"Oj(ijkl is the effect of the interaction 
between the kth level of C and the !th level ofD 
andjth plot (B) within the ith level of A (B within 
AXCXD interaction) , and 

B iik1m is the error e仔'ect. Note that B ,,,,, cannot 
阳m

be estimated separately 仕-omβγ协I in' this 
model unless there is replication'within each 
cell, which is unusual 

Other designs ca且 be termed doubly repeated 
measures designs because the within-plots factors 
both represent repeated measurements through 
time. Meserve et a1. (1996) set up an experiment to 
examine the effect of predation on the survivor 
ship of degus , a species of rodent, One factor was 
predation (two fixed levels: predators excluded 
llsing fencing and netting and control) , with four 
plots within each level. The number of rodents 
alive was recorded on each plot at six monthly 
censuses over four years - year (four :fixed levels) 
and month (six fixed levels) were within-plots 
也ctors and were crossed (Table 11.11). In all these 
examples , there were four dif:也rent denominators 
used for testing hypotheses in the ANOV!气

The general expect，εd mean squares , and those 
when factors A, C and D are fixed and plots/sub­
jects random, are provided in Table 11.10. Note 
that when A, C and D are fixed , C and A X C are 
tested against C X plots within A, D and A X D 
against D X plots within A and C X D and A X C X D 
against C X D X plots within A 

τhese designs are sometimes termed split­
split-plot designs because we can have a main 
between-plots factor and two within-plots factors , 

one applied to sub-plots within each plot and one 
applied to sub-sub-plots within each sub-plot 
More commonly, however, these experimental 
designs inc1ude a single within-plo臼 factor with 
repeated measurements through time or two 
within-subjects time factors , For example , we 
mention the following 

11.8.3 Additional between-plots/subjects 
and within-plots/subjects factòrs 

These partly nested analyses of variance can be 

• Vasquez (1996) looked at the efi岳ct of 
illumination (two fixed levels: bright and dark) 
and seed distribution (two fixed levels: 

。u <
applied to a variety of complex split-plot (repeated 



335 PARTLY NESTED DESIGNS AND STATISTICAL SOFTWARE 

Partly ne5ted designs and 

5tati5tical 50仕ware

Data files for these partly nested analyses can be 
set up in two ways. First, we could create a file 
岛r a classical "split-plot analysis" with each 
factor in a separate column (Table 11.13). A 
partly nested linear model is then 且tted and 
most software requires that a11 terms are spec­
ified in the model and each term speci直cally
tested against the appropriate denominator. 
Only unadjusted univariate tests are usually pr，仔
vided but this approach provides great flexibility 
lil structurìng the model and choosing denomi­
nators for F tests. Second , the data can be coded 
for a "repeated measures analysis" , with 
between-subjects factors coded as usual but the 
刮目是rent levels of the within-subjects factors are 
in individual columns (Table 11 .1 3). lf you have 
replicate observations within each cell , it can be 
difficult to code the data fìle for "repeated meas­
ur四" analysis and you must 巳ther j ust use cell 
means or switch to the "split-plot" set up. 
Software using the "repeated measures" 
approach neariy always assumes B(A) is random 
and all other factors are fixed but provides addi 
tional output, inc1uding estimates of ε(for 
multisample sphericity) , adjusted and unad­
justed univariate tests , multivariate tests, and 
polynomial trend analyses; it also explicitly dis­
tinguishes "between.subjects" and "'within.sub-­
jects" components of the ANOVA. Note that the 
unadjusted univariate tests wil1 be identical to 
those provided by the first analysis 古le lmpor­
tant point is that although the two univariate 
analyses are 且lnctionally identical, the alterna. 
tive analyses (adjusted univariate, MANOVA) and 
automatic extras (profile analyses) will often 
only be provided when the data are coded for a 
c1assical repeated measures design, not for a 
spli仨plot. The pro丑le analyses can usually also 
be obtained by inc1uding contrasts as part of a 
split-plot analysis 

measures) experimental designs that inc1ude 
multiple between-plots/subjects factors and 
multiple within-subjects/plots factors. We will use 
the study of Gough & Grace (1998) on the e他cts

of herbivores and productivity levels on plant 
species densities to illustrate such a complex 
designτhey chose two 仕eshwater marshes on a 
river near the LouisianajMississippi border in 
eastern U5A. ln each marsh, they established eight 
fenced areas (plots) , to exclude herbivores like 
rabbit, muskrat, etc. , and eight unf坦nced areas. So 
the between plots component of the design had 
two fixed factors (marsh and fence) in a crossed 
arrangement with replicate areas (i.e. plo臼). There 
were three su1rplots within each f挂nced or 
unfenced area and each su1rplot received one of 
three nutrient enrichment treatments (no addi. 
tion , nutrient addition, and natural soil addition) 
So enrichment was the first within.plots factor 
Additionally, each sub-plot was also censused 
seven times over two years , 50 time was a second 
within.plot5 factor. All factors were considered 
fixed except for area (i.e. plot) 白le resulting 
ANOVA model (Table 11.12) had 19 terms and four 
different denominators for testing hypotheses 

一一∞一一∞一一∞N N 、D N N 、。
~田

气5

1 1.8.4 General comments about complex 
designs 

Gumpertz & Brownie (1993) discussed spli仨plot
designs that inc1ude repeated mea5ures (usually 
multiple times) in some detail. They recom. 
mended using trend analyses to examine patterns 
in the repeated factor and its interactions with 
the other factors in 出e design (5ection 11.5.3) 
They also recommended against analyzing 5uch 
designs as univariate spli仨split-plot designs , i.e 
using the partly nested models we have desc口bed ，

because of the assumption of sphericity of va口­
ance-covariance matrices across tim凹， and pre­
ferred a multivariate approach. We agree that the 
sphericity aS5umption may be important but 
instead recommend epsilon.adjusted univariate 
tests in addition to the mu1tivariate tests. Winer et 
a l. (1991) and Kirk (1995) provide detai!s of these 
complex designs and approaches to analyses; they 
also provide general 自ormula for determining EMS 
for any combination of fi.xed and random factors 
Kirk'叫1995) unique terminology adapts well to 
these designs 
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GENERAL ISSUESAND HINTS FOR ANALYSIS 

C for each plot/subject within each level of A, 

prevent you from testing one higher-order 
interaction or require that you assume that 
interaction to be zero , depending on the εxact 
design.ln the usual situation of a11 factors 
being fixed except B (i.e. plots or subjects) , this 
does not preclude tests ofthe fixed factors or 
their interactíons 

·ηlese designs can inc1ude additional factors , 

both between-plotslsubject and within-
plots/subjects. Once the model is decided , the 
analysis is straigh t币。rward except that care 
must be taken to determine the correct F-ratios 
depending on which factors are fixed and 
which are random 
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11.10.2 Hints for individual analyses 
·币lese designs are complex, and generally have 

mixtures of fixed and random factors. As a fìrst 
step, be岛re doing the experiment, wrìte out 
the linear model , the ANOVA table , and 
include details of the F-ratios 

• The different designs will change the df, and 
hence the power, ofmany ofyour tests of 
hypotheses. Before doing the experiment, look 
at all of the relevant degrees of仕eedom ， and 
de口de whether this arrangement ofyour 
experimental units and resources will give 
you the best compromise between power and 
cost 
·吐le assumption ofnornlality is less a problenl 

for the between-plots/subjects factors , as those 
analyses effectively use means of other data, 

allowing the Central Limitτ'heorem to be 
invoked 

• Tests ofthe between-plots/subjects factors 
assume homogeneity ofbetween~group vari~ 
ances 
·吐le assumption of sphericity is important for 

the tests ofwithin-plots/subjects factors and 
incorporates the homogeneity ofvariance 
assumption for this component of the analysis 
Examine the various measures of the validity 
of this assumption (particularly the 
Greenhouse-Geiser and Huynh-Feldt estimates 
of e) , and , if ê values are low, use the conserva 

C, 
Yllk 

Ym 
Y23k 

Y\;k 

General issues and hints for 

analysis 

川 .10.1 General issues 

• Partly nested designs are very commonly used 
in biology, as ways to use resources more ec任
nomically - save money, kill f坦wer organlsms , 

etc. There is a cost to this rationalization, as 
the statistical models have more assumptions 
than completely randomized factorial designs 

• Although they are treated dif岳rently in many 
textbooks, unr飞eplicated partly nested , split­
plot and repeated measures ("groups x trials") 
designs are analyzed with an identicallinear 
model. For repeated measures designs，也1S

model is usually described with a larger set of 
assumptions. which imposes more restrictions 
on the analysis. We recommend that, because 
the two designs (split-plot and repeated mea-
sures) require identical models , you should 
examine the larger set of assumptions for a11 

tive corrections to the F tests or the MANOVA 
approach. There is no agreed~upon test for the 
assumption of mu1tisample spherici粤

partly nested designs 
• Unreplicated partly nested designs , i.e. those 

with only a single observation of each level of 
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l 归咀阳 rou卫Jtin配elyg'伊'et t白he êvalue凹s ， corrected 

univariate F-ratios , and the multivaria胆

equivalents. We follow Looney & Stanley 
(1989) , and suggest you look for a significant 
result in either the univariate or multivariate 
analyses 

Chapter 12 

Analyses of covariance 

In Chapter 10, we described a technique for reduc­
ing the residual or unεxplained variation in an 
expe口ment by grouping experimental units into 
spatial or temporal blocks. Another approach to 
reducing the residual variation is to measure one 
or more concomitant continuous variables for 
each experimental unit a10ng with the response 
variableτhese concomitant variables. or covari­
ates , are usual1y considered as continuous predic­
tor variables, with the one or more factors being 
categorical predictors. A linear models analysis of 
this design is sometimes called an analysis of 
covanance 阳COVA) ， where the effect of the 
covariate on the response variable is removed 
仕.om the unexplained variability by regression 
analysis. The final ANCOVA tests the difference 
between factor level means , adjusted for the efl岳ct

ofthe covariate. 
Another use of ANCOVA is to compare 吐H

slopes andjor intercepts oftwo or more regression 
lines , although this use is less common. We will 
cover basic methods for ANCOVA in this chapter, 

but also pay particular attention to complex 
designs and situations with regression slopes that 
are heterogeneous between the factor levels (see 
also Figure 12.1) 

12, 1 I Single factor analysis of 
covariance (ANCOVA) 

The simplest ANCOVA design is one analogous to 
a single factor ANOVA where we have a single cat­
egorical predictor variable (factor). In addition to 
a single continuous response variable , we also 

record the value of a continuous covariate 仕om
each experimental or sampling unit. Some exam­
ples 仕om the biologicalliterature incJude the fol­
lowing 

• Tollrian (1995) studied the effect of a chemical 
cue (kairomone) released by predators (midge 
larva αaoborus) on morphology of the aquatic 
cladoceran Daphnia 咀le response variable was 
body mass of Daphnia, the factor was 
kairomone treatment (two levels: presence. 
resulting in neckteeth-induced morphs , and 
absent, resulting in typical morphs) and the 
covariate was body length.lfbody length 
explains some of the variation in body mass , a 
more powerful test of kairomone trea tmen t 
will be obtained 

Y 

Y2 
F2叫1

Y'adj飞

Y, 

X1 X X2 

Group 2 

Group 1 

X 

~… mεrammatic representation of adjusted 
means inANCOVA.The adjusted Y means are b田ed on the 
overall X mean, not the X means for each group. Note that 
the difference betw回n 由e adjusted Y means is smaller than 
the difference be凹帽en 由e unadjusted Y means, although this 
does not alw叩S occur in ANCOYA adjustment. 



341 SINGLE FACTOR ANALYS1S OF COVAR1ANCE (ANCOVA) 

TheANCOVA from the fit ofthe model based on log , o longevity ag副nst treat~ 

ment group w比h thorax le们 gth as a (0旧riate is as follows 

P 

<0.001 
<0.001 

F 

4 
74 95 74 

、
4
t
1

MS 

677 
凹
川
∞

olo 
df 

4 

119 

Source 
-
Treatment 
Thorax 
Residual 

时'，P""~""，，!~"'，-.牛
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There was a significant di百erence between adjusted treatment means. The poole 才

W此hin-groups r它gressloηcoefficient was 1.194. The M5p臼 cual for an ANOVA on 
log , o 10门gevity (witho川 thorax as covariate) was 0.015 with 120 df, 50 including a 
covariate has 陀duced the unexplained variation by around 50克
叫usted and unadjuste 才 OLS treatment means were as follows 

one virgin female per day, eight virgin females per 
day, a control group with one newly inseminated 

female per day, a control group with eight newly 
inseminated females perday, a control group with 

no f是males. Also, the thorax length of each indi­
vidual fly was recorded as a covariate. If thorax 
length explains some ofthe variation in longevity, 

then the test of the efl岳ct of partner type on lon 
gevl艾y adjusted for thorax length will be more 
power且li 刀le analysis of these data is presented 
in Box 12.1 

Unadjusted mean 

The 到an 才 ard erro内 we同 0.0 17 fo 产 adjusted means and 0.025 for unadjusted 

means. Note that the covariance adjustment reduced the mean log:Q longevity of 
treatment one 陀lative to treatments two an 才 three

The test for homogeneity of within-groups regression slopes was done by frtting 

a model that related loglo longevity to treatment group, thorax length and the inter­
action between treatment group and thc旧x leng巾， the la忧旷 term testing the Ho 

of equal slopes 

99974 88936 77775 

Adjusted mean Treat盯 ent

8i479 
四
万
河
刑
罚

-2345 

Shrinking in sea urchins 

Constable (1993) studied the role of sutures Üoins 
between plates in the test) in the shrinking of the 
test of the sea urchin Heliocidatis erythrogramma 
He compared widths ofinter.radial sutures (mm), 

the response variable , between urchins kept 
under high and low 岛od regimes and an initial 
sample, the factor with three groups , with body 
volume (ml, cube root transformed) as the covari­
ate 卫le analysis of these data is presented in Box 
12.2 

• Mothershead & Marquis (2000) looked at the 
effects of increased leaf damage (two levels 
natural herbivore damage , artifìcially 
increased da皿age mimicking increased 
herbivory) on f10ral traits of f10wers of the 
perennial herb Oenotheγamαcrocarpa 1n 
Missouri. USA. The response variables were 
corolla diameter and f10ral tube length , 

changes in which would result in changes in 
pollinator preference and efficiency. They used 

flower order (successive seasonal flowering) as 
a covariate to help explain some of the 
variation in floral traits and provide a more 
powerful test of damage effects 

We illustrateANCOVA with two examples from 
the biologicalliterature , 

Sex and fruitfly longevity 

Partridge & Farquhar (1981) examined the effect 

of number and 守pe of mating partners on longev. 
ity (response variable) of 仕uitflies. There was a 

single factor (partner type) with 直ve treatments 

Box 12.1 I Worked example of ANCOVA: sex and fruitfly 
longevity 

P F MS df Source 

0.189 156 0.011 
0.007 

4 
115 

Treatment x thorax length 
R巴 dua

。f residuals 
versus predi巳.ted values of the 
response variable from ANCOVA 
models fìtted 田 data from Partridge 
& Farquar (1981). (a) Untransformed 
longev町 and (b) log lO.transformed 
longevity. 

The null hypothesis of equal within-group regression 到opes was not rejected 
and it is clear from Figu陀 12.3 that the陀 was little evidence for non-parallel slopes 
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Pa叶ridge & Farquhar (1981) studred the e百"ect of number of mating partners 0门
longevity of fruitflies. There were fìve t陀atments: 0门e virgin female per d句 eight

vrrgrn 缸males per da日 a control group with one newly inseminated female per day, 

a control group w比h eight new竹 inseminated females per day, a control group with 
no fem创es. Also, the thorax length of each individual fly was re盯.ded as a covari 
ate. If tho吐x length explains some of the variation in longevity, then the test of the 
eπe吐 oft陀atments on longevity adjusted for thorax length will be more powe门俨01

The raw data were extr飞acted by reading from Figu陀 2 in the original paper (咒e
also description ar 才 d巴CUSSIO门 in Hanley & Shapiro 1994). Our general Ho was that 
the陀 was no e忏ect of part门 ertreatment on longevity of male fruitflies , adjusting for 
thorax length 

AnANCOVAmo 才 el r毛lating long队什ty to treatment group with thorax length 
as a covariate (model 12.2) was fr比ted and the mc 才 el residuals examined. The plct 

of 陀S 才 uals against predicted longev即 showed evidence of heterogeneous '1ari­
ances (Figu陀 1 2.2(a)). The model was re阳edwi由 logro transformation oflongev­
邸 The residual plot was much improve址 with consistent variances fc 广 different

levels of the covariate (Figu陀 12.2(b)). There was no indicatio门 that the treatments 
affected thc阳 length (ANOVA on thorax length: F4.'20 ~ 1.26, P 二 0.289)

The specifìc Ho was that there was no effect of partne广 treatment on loglo lon­
gevity of male 白U比f1ies ， adjusting for thorax lengt 气
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S四tte甲lotswi由

linear reg同ssion lines of suture 
width against cube root transformed 
body volume for sea urchins under 
each of the th陪e food level groups 
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τhe usual form of the ANCOVA model is 

Yij=μ+α;+ 卢(Xij 一是)+ε"

The details of the linear ANCOVA model, inc1ud 
ing estimation of its parameters and means , are 
provided in Box 12.3. Note that if there is no rela" 
tionship between the response variable and the 
covariate , i.eβ= 0 , then model 12.1 simply 
becomes the single factor ANOVA model described 
in Chapter 8. If there are no effects of the treat­

ments , Le. allαi=O ， then model 12.1 becomes a 
simple linear regression model described in 
Chapter5τbese reduced models will be discussed 

且lrther in Section 12.1.4 

(12.1) 

Initial Body Volume (ml) 

type (p = 5) , X is thor皿 length ， the response vari­
able Y is longevity and each experimental unit is 
a 仕uitfly. In Constable's (1993) study, factor A is 
food regime (p =剖， X is body volume , Y is suture 
width with individual urchins as the experimen­

tal units 
The ANCOVA model is a linear model with one 

continuous predictor (covariate) and one cat，εgor­

ical predictor (factor) but where we focus on the 
effects of the factor levels, adjusted for the covari­
ate. The ANCO飞口气 model is best considered as an 
"ANOVA" model with a covariate inc1uded , rather 
than a "regression" model with a categorical pre­
dictor. 

Thorax length (mm) 

Constable (1993) studied the role of 5川 J陀s in the shrinking of the test of the s四

uπhin Helíocidoris erythrogromma. He compared widths ofinter-radial s川ures (mm) 
between u陀hins kept un 才 er high and low food regimes and an initial sample (one 
fa口orw协 th陀e groups) with body volume (叫 cube root transformed) as the 
cova门ate and n = 24 urchins in each group. The陀叭 as a s坦nifi扫cant interaction 
between the factor and the covariate (F2.66 = 4.701 , P = 0.0 12), indicating heteroge­
neous slo阳s (F刷陀 12.4). Constable (1993) 出ed the Wilcox modification of the 
Johnson-Neyman procedure (Box 12.4) to determine over which 咀lues of 七 ody
volume the groups we陀 signitìcantly diffe陀nt

Box 12.21 Wi町ked example of ANCOVA: shrinking in sea 
urcnms 

Initial >Low food for cube root volume >2.95 
High food> Initial for cube root volume > 1.81 

High food > Low food for cube root volume >2.07 

Box 12.31 The linear ANCOVA model and its parameters 

Cons 才 er a 由.ta set with n observations (j二 1 to n) whe陀 fa吐:or A is a categori­
cal predict町 variable with p groups (i = I to p),X is a continuous predictorvariable 
and we have a continuous 陀sponse variable Y, with both Y and X陀co时ed foreach 
expenmen坦1 or sampling unit within each group. ßased on the Constable (1993) 

examp怡， we could code factor A as two dummy variables (Chapter 的，回 thatX↓

equa\s I for high food and 0 for otherwise and X2 equals 1 for low food and 0 for 
o由erwise ， and call the covariate X]. The (multiple) linear (reg陀ssion) model we 

could fi民 to these data, explicitly ignoring the group structure is 

(sutu陀叭 dth\=β。÷卢， (h肋 food vs init叽+.ß2(low fo叫凹 M叫+β'3(body

voiume)j十号

So ínitial sutu陀 width was g陀ater than low food suture width for body volumes 
g陀aterthan 2.95, high food suture width was g陀aterthan initial forvolumes greater 
than I .81 and high food sutu陀 width was g陀ater than !ow food sutu陀呐 dth for 
volumes greater than 2.07 

片=β。十卢而， +βZXρ÷β了Xβ 十号

From Constable (1993) 

cOllld include both categorical (factors) and con­
tinuous (covariates) predictors. Now consider a 
data set where factor A is a .fixed categorical pre­
dictorvariable with p groups (i = 1 to 剖， Xis a con­
tmuous predictor variable and we have a 
continuous response variable y , with both Y and 

X recorded for each experimental or sampling 
unit within each group. In the example 企om
Partridge & Farquhar (1981), factor A is partner 

12.1.1 Linear models for analysis of 
covanance 

tinear effects model 

So far, we have 岛cused on linear models where all 

the predictors are continuous (classical regres­
sion analyses in Chapters 5 and 6) or categorical 
(c1assical analyses of variance in Chapters 8-11) 
In αapter 6 , we explained how a linear model 
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In these two models we have the following 

月 is theβh replicate obse俨 atio门 of the respon咒 va门able ， e.g. the sutu陀 width
lor the jth u陀hi门

βb is the intercept of the linear model, the mean of Y when X
1
,X

2
, and X

3 
=口，

e.g. the sutu陀 width for an u陀hin with zero body volume in the initìal 
sample 

ß 1 is the partial 陀:gression slope 击。 r X
1

• e.g. the 陀gresslon 目。pe relati门g sutu陀

W 才th to the di忏e陀nce between high food and in陀ial sample groups, holding 

the diffe陀nce between low food an 才 initial sample groups, and 七 ody volυme， 
constant. 

卢'2 is the 阳市al 陀gression slope for X1, e.g. the regression slope r琶latiηgsutu陀
明才th to the difference between low foo 才 and initial sample groups, holding 

the di忏erence betweeηhigh 100 才 and in由al sample groups , and body 
volume , constant. 

ß3 is the pa同ial regression 到叩e for X3• e.g. the regression slope 时ating Suture 

width to body volume , ho 才 ing the di忏erence betvveen high food and in比ial
sample groups, and low food and initial sample groups, constant 

~ is random or unexplaine 才 error associated with the卢h replicate observatÎo门

The interpretations here are those of a standa时 multiple reg陀ssion with one 

continuous and one categorical predidor (Chapter 6). No specifìc adjustment is 

made to the values of the response varia刨e or the means of the 陀sponse variable 

for each group, although the i时erp陀:tation of each 陀g陀ssion coefficient is based 
。n holding the other p 宅dictors constant 

The usual lorm of the ANCOVA model 巴

Y，)=μ+ a;.+β(x， -x) +气

In this model we have the following 

同 is the value of the 陀sponse variable for jth observation in the 蛇hlevelof
factor A. 

μis the overall (constaηt) mean value of the response variable 

a;-IS e徙ct of ith level factor A. defrned as the di能陀nce betvveen each A mean 
and the overall mean (，叫一 μ)

卢 is a combined 陀:gression coefficient rep陀senting the pooling of the 

陀旦ression slopes of Y on X w眈hin each group. A basic assumption is that the 

陀:gression slopes v川thin each group a陀 the same , otherwise pooling them 

to produceβcan result in 旧terpretation of factor effeds that are misleading 

X') is the covariate value for the jth 陪plicate observation from the 出 levelof
factor A. 

x is the mean value of the covariate 

句 is random or une叩lained errc 广 associated 叫由 the 卢h 陪plicate observation 

from the 比h level offa口orA, representing the comp。门ent ofthe r它sponse
variable not explaine 才 by the effects of the factor or the 陀lationship with 

the covariate. T卡 ese error terms are assumed to be normally distributed at 

each level of factor A, with a mean of zero [E(.飞) = 0] and a variance of 气f

This model is overparameterized so, when factor A is fìxed , then the usual con 

straint 2:f= I oj = 0 ap国 ies， so that parameters in the effects model can be estim且ed
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Notet气 at we have ce门tered the X咀lue二 by subtracting the mean. If we don't, 
the mc 才 el is: 

Yij=μ+ 0; +β与十气j

andμISn时 a population intercept (for X = 0) rather than an overall population 

mean ofY. It doesn't matter for the pa时tioning of variance and 坦白ng hypotheses 

which version we use , although the fìrst is most common in the 1 此erature

The focus in the usual ANOVA models is on estimatîng group or cell means.ln 

ANCOVA models, we wish to estimate group means adjusted for the effects of the 

covariate , i.e. adjusted means. These are the means of the adjusted values of the 

response variable defìned in exp陀ssion 12.7. For group i, the adjusted mean rep 

阻sents the mean value of the response 飞lariable if the mean value of the covariate 

for that group equals the overall mean value for the covariate 

叫"阳时j 二叫一β(x，寸)

Th巳 is estimated t 严

μ胆j) ~ ÿ, - b(x, - x) 

The stan 才 ard error of the adjusted mean i5 

VV凡{~起二)
where MSR~到 dual IS 什om the ANCOVA partitioning of variationσ泣ble 12.1) and 

SSn ".^ is from an ANOVA on the covariate Re‘ icl:Jal(X) 
Wem可 al50 wish to e由mateβthe pooled within-group5 regre55ion coeffì-

cient 陪latingγto X. Unfortunately in term5 of computation, this is neither the e筑，­

mate of the regression slope of Y on X pooling all obseJìlat旧时， as pointed out 

above, nor Î5 it a simp陆 average of the w比hin-group reg陀55ion 510pe estimates 

Fo时unately， the generallinear mc 才 el routine in most stati处ical50配warewill p 。、 de

白i5 estimate (b) and its sta 气才 ard error (Sb)' although the former can be calculated 

lrom 

J喜川) (Y'i - ÿ,) 

SSRE副u习伊)

where the numerator is the sum, across groups, of the covariance between Yand 

Xwithin 曰:h grc 中

From Partridge & Farquhar (1981) 

(longevity)ij ~ overall mean + 

(partner treatment)j +β[(thorax length), 
(mean thorax length)] 十与 (12.2) 

From Constable (1993) 

(suture width)，二 overall mean + 

(food treatmentl, + ß[(body volume), 
(mean body volume)] +勺 (12.3)

In models 12.1 and 12.3 we have the following 

Yij is the value of suture width for thejth 

urchin in the ith food treatm巳nt

μis the overall (constant) mean value of 

suture width 
αis effect of ith food treatment on suture 

width. This effect is defined as the difference 

betvveen each food treatment mean and the 

overall mean (μt 一 μ)
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有ble l 2. dANoVA阳ble for s啡 factor川COVAba时 on factor A be吨 fixed and respon四 vari抽 adjusted
fur 由e effects ofthe covariate 

Source of variation df 问ean square Expected mean squa陀 F-ratio 

n 

Factor A (adjusted) (p - 1) 55剧òdμ笠w) 门2>"，0
问S叫a咱国e。

(p- 1) 
σtF 2+ 

MSReSldu副(，中如均p 一 l

Residual (adjusted) p(门 1) 一|
SSResiduat(;叫u如d)

σ 5 2 
p(n 一 1) - 1 

Total (adjusted) pηZ 

ß is a combined regression coeffìcient 
representing the pooling ofthe regression slopes 
relating suture width to body volume within 
each food treatment group. A basic assumption 
is that the regression slopes within each group 
are the same , otherwise pooling them to 
produceβcan result in interpretations offactor 
effects that are misleading 

" is the value ofbody volume for thejth 
urchin 仕om the ith 岛od level group 

εîj is random or unexplained error associated 
with thejth urchin in the ith food level group 
not explained by the food treatment or the body 
volume 

Although our model includes both effects of a 
categorical predictor (α;) on 出e response va 口able
and the slope (β) of a regression line rela ting a 
continuous predictor to the response variable , the 
interpretation of the parameters is familiar. We 
measure the effects of treatments (factor A) 
adjusting for the covariate, i.e. holding it con­
stant. The ANCOVA can therefore be considered as 
an ANOVA on data a句usted by the regression 
slope of Y on the cova口ate X. Each adjusted obser­
vation (thevalue ofan observation "corrected" for 
the effects ofthe covariate) can be expressed as 

Yîj(3dj) = Yîj- β(X;j-X)= μ+αl十~

y创adJ)=yq-b(xq- 主) (12 .5) 

Each adjusted value is the. value of Y for an 
observation in any group adjusted (centered) to 
the mean value of the covariate. For example , the 
suture width of an urchin is adjusted for the 
effects of the covariate X by subtracting a term 
that represents a shift, using the regression of 
suture width on bodyvolume, ofthe bodyvolume 
for that urchin to the mean body volume of all 
urchins in the experi口lent

(suture width)ÿi'djl = (suture width);j-
bl(body volume)，一 (mean bodyvolume)] (12.6) 

τhe岛cus in the usualANOVAmodels is on esti­
mating group or cell means. In ANCOVA models , 

we wish to estimate group means adjusted for the 
effects ofthe covariate , i.e. adjusted group means 
These are the means of the 呻usted values ofthe 
response variable de且ned in Equation 12.4 and , 

for group i, represent the mean value of the 
response variable if the mean value of the covari­
ate for that group equals the overall mean value 
for the covariate: 

μ对adju血d)μlβ(X;-X)

This is estimated by 

(12.7) 

(12 .4) Y;('dj) = Y; - b(x;一主) (12.8) 

These adjusted observations are also the resid­
uals 丘om the fit of a regression model of Y on X 
(Winer et aJ. 1991). In model 12 .4， αis effect of ith 
level factor A, adjusted 岛r the effects ofthe covar­
iate(向吨} μ(.djl). Substituting the OLS estimate of 
the pooled within-groups regression slope , we 
obtain 

From Constable (1993) 

(mean suture widthL.", = !i(adj) 
(mean suture width); - bllmean body volume); 一
(overall mean body volume)] (12.9) 

Details on estimating adjusted means and their 
standard errors are provided in Box 12.3 
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一五岳 12.2 r Analyses of variance from Partridge & F;叫uhar(阴1) for log lO longevity offruitfli田 for diffen!nt 
partner treatmen筒， showing ANOVA on Y (log10 longevity) , regression ofY(loglO longevity) on covariate X (由orax

length) and ANCOVA on Y (log10 longevi可') adjusting for covariate X (thorax length). The SSTota! and dt;.otal for 
A剧NCOVAsum江皿皿口mS叫s乌，，，阳阳巾‘陡四叫ε酣n鸥nt ar甜ndSSR险叫E

Regression Y on X ANCOVAY ANOVAγ 

Source 55 df 

Treatment 0.977 4 
Reg陀ssion on thorax lengt'丁

Re引dual 1.850 120 

Total 2.827 124 

55 df 55 

0.783 
1.017 
0.833 
1.615 

df 
4lllq/3J 

I
l

气
，ι

1.2 12 
1.615 
2.827 

123 
124 

number of observations minus the number of 
groups minus one for the regression ofYon the 
covariate. These sum to the dι ， the total LTotalladj) 
number of observations minus two (one for the 
regression of Y on the covariate). The mean 
squares are the SS divided by the df as usual and 
the expected values of these mean squares are 
identical to those 仕om a single factor ANOVA 
(Chapter 剖，四cept that the analysis is based on y­
values adjusted for the covariate 

The relationship between the analyses ofvari­
ance from fitting a single factor ANOVA model to 
unadjusted Y-values , a simple regression model 
fìtted to unadjusted Y-values against the covariate , 

and the ANCOVA model 且tted to adjusted Y-values 
is illustrated for the data 仕om Partridge & 

Farquhar (1981) in Table 12.2. The SS'o",l(odjl repre­
sents the total variation in unadjusted Y (SSTotal 
from the ANOVA on Y) less that explained by the 
regression ofunadjusted Y on X across the whole 
data set (SSRegression 仕om regression analysis on 
complete data set). The unexplained variation in 
unadjusted Y (SSR凹'ml from ANOVA on Y) is split 
intotheva口ation due to the pooled within-groups 
regression of Y on X (SS for the covariate 仕om
ANCOVA) and the variatlOn m 呻usted Y not 
explained by the treatment groups (SSRe巾al(adj)
仕om ANCOVA). Note that the SSRegrcssio[l仕'Om the 
whole data set is not the same as the 5S for the 
covariate 仕om the ANCOVA because the latter is 
the variation explained by the pooled within­
groups regress lOn 

12.1 .3 Null hypotheses 
τhe Ho for a single factor ANCOVA with a single 
covariate is based on adjusted means and adjusted 

Predicted values and residuals 
ln practice , the ANCOVA model fitted is that in 
Equation 12.4 where a single factor ANOVA model 
u 缸ted to observations adjusted for the effects of 
the covariate. The predicted values from this 
model are based on the regressio口 adjustment

and the treatment group 

.Y;j=Y;- b(豆j- Xîj ) (12.10) 

These predicted values are different 击。r each 
observation within each group , in contrast to the 
ANOVA model where the predicted values within 
each group were the same , i.e. the group mean 
ηle residuals 仕om the fitted ANCOVA model are 
the differences between each observed Y-value 
and the predicted Y-value 

ejj=Yij-Yij =Yij-Yi 十 b(呈Eχ;j) (12.11) 

These residuals in Equation 12.11 incorporate the 
effects of both the continuous covariate and the 
categorical factor. .A5 for alllinear models , residu­
als provide the basis ofthe OLS estimate ofσf and 
they are valuable diagnostic tools for checking 
assumptions and 缸 ofourmodel

12.1.2 Analysis of (∞)variance 
The SS 仕om the ANCOVA is simply the 

">(adj)
SSToral 仕om an ANOVA on Y less the SSRegression 
仕om a linear regression ofY on X, the latter rep­
resenting the adjustment to the Y-values based 
on the relationship between Y and X. This 
SSTütal(adjj can be partitioned into that due to the 
difference between adjusted A group means 
(SSA('djl) and that not explained by factor A 
(SS.叫ualhdJJEe dhd川s the number of groups 
minus one and the- dfResidual(adj) is the total 
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covariate in each group of an 四periment. For 
example , if the initial body sizes of animals are 
different between treatments at the 5taft of a 
growth experiment, then using initial size as a 
covariate to ..吨ust" for this difference is inappro­
pnate 

12.2.3 Fixed covariate (X) 
卫le covariate X is assumed to be a :fixed variable 
with no error associated with it. This is the stan­
dard :fixed X assumption of linear regression 
(Chapter 5). This assumption is almost never valid 
面or ANCOVA in biological settings because the 
covariate is usually a random variable , just like 
the response variable. As we pointed Qut in 
Chapter 5 , X being a random variable in regres­
sion analysis usually results in underestimation 
of the true regression slope. If the assumptions 
about homogeneity of variance, range of covari 
ate values and parallel slopes hold , there is no 
reason to suspect that the underestimation of 
the true pooled within-groups regression coeffi 
cient between Y and X will vary between treat 
ments. Therefore , tests ofsignificance should still 
be reliable. We know of no extension of the 
Model II regression approach (Chapter 5) to 
ANCOVA 

way of checking this assumption and trans币。 rma­
tions should be used where appropriate. Specific 
forms of nonlinearity between Y and the covariate 
may be dealt with by inc1uding a polynomial term 
as an extra covariate (Maxwell et aI. 1993; see also 
Section 12.7.1). These analyses will not be straight. 
forward because there will probably be collinear. 
ity between the covariate and its pol严lOmial term 
(see Chapter 6). Also, the test of homogenei可 of
within-groups regression slopes is more complex 
because there are at least two slopes for each 
group, one for X and one for each polynomial 

term 
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with a reduced ANOVA model ignoring the covar. 
iate 

treatment e任ècts ， i.e. means and effects of A 
adjusted for the covariate 

Yij=μ+α;+εH 

This tests the null hypothesis that pooled within. 
groups regression slope between Y and X equals 
zero. If this Ho is true , then we would expect the 
covanate not to contribute to explaining the vari­
atìon in Y and SSResidual from the ANOVA model 
would be the same as that from the ANCOVA 
model. Note that model 12.13 is fitted to unad. 
justed observations so is not the same as model 
12.4. 

(12.13) 

The comparison of adjusted means relies on the 
slopes ofthe regressions ofY on X being the sarne 
between groups , i.e. homogeneity (equali月r) of 
slopes. The adjustment ofthe Y.values to produce 
adjusted group means and effects is based on a 
pooled within-groups regression coef:且口entτllÌs

pooled slope must be a reasonable representatlOn 
ofthe individual slopes. which will only be true if 
the individual slopes are simi1ar, i.e. the individ­
ual regression lines are parallel 

12.3.1 Testing for homogeneous within-
group regression slopes 

ηle Hn of equal within group regression slopes 
(卢瓦二β 卢) is tes时 byexamini昭 whether
the interaction between the categorical predictor 
(factor A) and the continuous predictor (covariate) 
equals zero, i.e. no interaction. We have already 

12.3 1 Homogeneous slopes 

12.2.2 Covariate values similar across 
groups 

ANCOVA also assumes that the covariate has the 
same distribution, especially the range of covari 
ate values，岛r all groups. This assumption is 
basically one of no collinearity between the con 
tinuous and categorical predictors in the model 
We are assuming that the covariate is indepen 
dent of the treatment groups , i.e. the covariate 
values do not depend on the groups. This 
assumption means in practice that you should 
avoid situations in which there is a range of 
covariate values that is present in one group, but 
absent 仕om others τhe problem is that the 
adjustment procedure would involve extrapola 
tion of the regression between Y and X beyond 
the range ofXvalues in some groups. Note that a 
correlation between the covariate and the factor 
is not the same as an interaction between the 
covariate and the factor on the response variable. 
币1e latter is about homogeneity ofwithin.group 
regresslO口 slopes and will be considered in 
Section 12.3. 

There is no hard and fast rule about what con­
stitutes too little overlap of covariate values 
between groups , but if the covariate means are 
not significantly different betw巳engroups (仕oma
single factor ANOVA on the covariate). then the 
ANCOVAis probably reliable. Ifyou have problems 
with this assumption, the only solution is to omit 
observations within groups that have unusually 
high or low covariate values 

The other important implication of this 
assumption is that ANCOVA models should not be 
used as a correction for different values of the 

η1e assumptions for ANCOVA include those for 
regression models (Chapter 5) and ANOVA models 
(Chapter 8)。卫le error terms 仕om our tìtted 
ANCOVA model should be normally distributed , 

they should have similar variances between 
groups and theyshould be independent. Note that 
these error terms are the effors from the linear 
regression of Y on X (model 12.1) and 仕om the 
ANOVAmodel 且tted to the adjusted observations 
(model 12.4). We use the residuals in 12.11 to 
check these assumptions. Because our ANCOVA 
model has a regression component，吐lese residu­
als will be differen t for observa tions within each 
group as well as between groups. Plots of residu. 
als against adjust巳d group means are the best 
check of the assumption of homogeneous vari­
ances. Transformations of Y will often help if the 
heterogeneous variances are due to skewed distri­
butions of Y within each group and generalized 
linear models (Chapter 13) are also applicable 

Because the ANCOVA is a linear model with 
both categorical and continuous predictors, some 
other assumptions are discussed below. A 旬nda
mental assumption underlying the application of 
the ANCOVA model and ca1culation of adjusted 
group means , that the within.group regression 
slopes relating Y to X are equal , will be examined 
in Section 12.3 

1 2.2.1 Li n earity 
The relationship between Y and X in each group 
should be linear. As always , scatterplots are a good 

Assumptions of ANCOVA 

Ho: JL1(adjj 何时jJ ...μi(adj)μ(adj) 
Hα=αα 。O' ~I(adj) ~2(adj) 巾djJ ... V 

The adjusted means are simply group (treatment) 
means ofthe adjusted observations. They are also 
the mean values of Y in each group when the 
covariate is adjusted to equal x., using the estimate 
of pooled within苦roups regression slope ofY on X 
(β). Because of the assumption that the slopes of 
the individual within-group regression lines are 
the same (see Section 12.3), the di旺巳rences
between adjusted means are the same as the dif­
ferences between a句usted Y.val ues 伽 any value 
ofX. '^币len X = 0, we are dealing 飞<Vith Y intercepts 
for regression models with the common pooled 
within.groups regression slope fitted to the popu­
lation of obse凹ations in each group. Any test of 
equality of adjusted population group means is 
also a test of equality of population group inter­
cepts 

The expected values of the mean squares for 
the ANCOVA in Table 12.1 indicate that the test of 
the Ho of no difference between adjusted group 
means uses an F-ratio of MS^，~"".._.~-，\ to A(adju‘ red) 
MSResidUal(adjusled}' This F-ratio is compareð tü.' an F 
distribution with (p -1) and p(n -1) 一 1dfinthe
usual manner. 

12.1 .4 ComparingANCOVA models 
We can also test the Ho of no effects of factor A 
using full and reduced models. The full model 
12.1 is 

(12.11) Yij=μ十吨+卢(Xjj 王)+ε。

The reduced model is a simple linear regression 
model based on no group effects (Ho: all αiS equal 
zero) 

Yij=μ+β(Xij - X)Bij 

Here， βis the regression slope of Y on X 岳or all 
groups combined 白le SSThtal 仕om the ANCOVA 

~.~~ SSTotal(adjusted)) is simply the SSResidual 仕om the 
full model- and SSResi阳】{dJmd}1s Slr吨ly the 
SSResidual 仕om the reduced model, analogous to 
themodel 且tting procedure described in previous 
chapters 

We could also compare the full model 12.1 

(12.12) 
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examined interactÏons between continuous 
predictors (Chapter 6) and between categorical 
predictors (Chapters 9 to 11) , An interaction 
between a categorical and a continuous predictor 
is interpreted as a change in the slope of the 
regression line ofY on X for different levels ofthe 
factor (i.e. different groups). No interaction indi 
cates that the regression coefficients (slopes) are 
the same in the dif岳rentgroups τhis assumption 
is tested by comparing the fit of a full model with 
a factor by covariate interaction term to a reduced 
model with no interaction term τhe formal 
model terminology for interactions between 
covariate and factors is tedious 50 we will illus~ 
t目te the models for the data from Constable 
(1993)η曰 full model is: 

(suture width), ~ overall mean + 
(food level)i + (body volume)ij + 
(岛od leveIXbodyvolume),+e, (12 ,14) 

The reduced model. assuming homogeneous 
regression slopes between groups , is 

(suture width)ij = overall mean + 
(food level)i + (body volume)ii +ε(12.15) 'i \~~~J' ~~-~H_JU 百

In practical terms , heterogeneous slopes cause 
problems for interpreting our data. If the regres­
sion lines in the different groups are not parallel, 
and you are trying to decide if their 呻usted

means or in tercepts dif在r， your answer depends 
on where along the range of X-values you do the 
comparison. For some X-values, the adjusted 
means or intercepts will be doser together than 
for others 

Maxwel1 et al. (1993) suggested that homogene­
ity ofslopes should not be thought of as merely an 
assumption 叭而lile main effects are difficult to 
interpret in the presence of interactio时， interac­
tions between factors and covariates usually rep­
resent e旺坦cts of considerable biological interest 
Differences between the slopes of the regression 
lines indicate that the treatments a旺ect the rela 
tionship between Yand the covariate and explain 
ing this l11ight be as important as interpreting 
differences between adjusted means. 

There is one important problem that often 
occurs , especially with data like morphometrics 
If your factor has many levels , or you have large 
numbers of observations in each group, or the 
1inear regression model of Y on X 且ts the da ta in 

each group very well (i.e. r' is very high). you may 
have a very sensitive test of the Ho of no interac­
tion. You may find yourself rejecting Ho' even 
though a scatterplot suggests the regression lines 
are almost parallelη1Îs is alwa严 a difficulty 
when using formal significance tests 岛r checking 
assumptions before a linear model analysis. We 
suggest plotting the lines to see how different 
they look and to examine the individual regres 
sion slopes. If they se巳m parallel , consider doing 
the ANCOVA anyway or else simply use the Wilcox 
procedure described below for heterogeneous 
slopes 

12.3.2 Dealing with heterogeneous 
within-group regression slopes 

When slopes are clearly heterogeneous , there are 
a number of possible approaches, which depend 
on the questions of interest. First, if the slopes 
themselves are of primary interest, you can con­
trast slopes across treatment combinations. ll1Ïs 
is like using treatment-contrast interactions to 
examine the Y by covariate interaction (Chapter 
9). Second , ifthe treatment (group) effects are the 
main interest, Huitema (1980) recommended a 
test called the Wilcox procedure (飞机lcox 1987间，

which is a modification of the original ]ohnson 
Neyman technique (Box 12.4: see also Maxwell et 

al. 1993) 古1is test compares groups in a pairwise 
fashion , and identifìes ranges of the covariate for 
which the group means are significantly differ 
ent, and ranges forwhich there are no dif岳rences

It is analogous to a test for simple main effects in 
a factorial ANO飞从 (Maxwell et al. 1993; Chapter 剑，
asking for what values of the covariate are the 
treatments significantly different. It is essentially 
an unplanned comparison technique , which , with 
the Wilcox mod泊cation， adjusts probabili可

levels to take account of the number of tests. We 
recommend comparing only a few pairs of treat­
ments , treating them as essentially planned con­
trasts where possible. Constable (1993) described 
the application of the Wi1cox procedure to 
compare treatments in sea urchins (see Box 12.2). 

A related approach is to choose certain values 
of covariate and compare groups at those specific 
values , e.g. using the mean ofX or the value ofX 
白or which the distance between regression lines 
has the most precision (Maxwell et al. 1993, Rogosa 
1980) 

80x 12.4 1 Computations for the Wilcox mo~ifìcation of 
the Jòhnson-Neyman procedure for tes~ing 
over which ranges of the covariate are the 
group means different 

Signifìcantly different slopes in an analysis of covariance indicates that the relation­
ship betvveen the 陀sponse variable and the covariate di忏ers be协ween treatments 
Thedi他rences betvveen the reg陀ssìons may be examined by plotting the 95% con 
fìdence bands around each line, and seeÎng whetherthese bands overlap. Howeve r. 

the interpretation of these difTerences is difflcult because the 陀lative e他cts ofthe 
t陀atments become 0七 5CU陀 w'nen the distributions ofvalues about each l'lne begin 
to overlap. General作'， it IS interestlng to 阳ow the range of the covariate over whìch 
the treatments difTe仁 This is a旧logous to tests of sÎmp怆 maln e忏ects (i.e. m田n5)
ìn a multi-factorial analysis of varia门ce when 廿 ere is a signiflcant interaction, e.g 
identi币ying the levels of factor B for which there is an e百ect of treatment A (see 

Hu比ema 1980 for a discuss旧n)

One proce 才 ure forma问ng such a comparison determines the 10ωerand upper 
limits of 阳 covariate (X1ov--er and Xu阳 ) betv、 een which we are 95% certain that 
two treatments under conside旺tlon are 门 Dt slgn吊cantly di他陀nt. I.e 陀glon over 
which the lines cross. Johnson & Neyman (193白 J-N) originally designed a proce­
dure for comparing two treatments at single values of廿 e covariate. Huitema (1980) 
and Wilcox (1987b) 阳'e suggested ways of controlling experiment-wise Type 1 
error rates for simultaneous comparisons of two treatments at mo陀 than one 
region of the cO'飞variate (i.e. defining regions of signifìcant difTerences) , as well as for 
controlling error rates for simultaneous comparisons of mo陀 than two t目前节目cts

Huitema's (1980) method sim阶 exchanges the F-rat'lo in the or'lginal J付 fon叫ae
with a mo才 ified Bonferroni F-ratio, which acccounts for the total number of com­
parisons to be made betvveen t陪atments (see H山 lema 1980.pp. 292-293).Wilcox 
(1987b) deve比 ped formulae similar to the 卜N technique , but based on the 
Tukey-Kramer simultaneous multiple comparisons procedur飞e and Stude巾ze 才
range distribution , ratherthan on the F distribution. In these formulae. he accounts 
for unequal 旧riances， allows 引multaneous determin且ion of the lower and upper 
lim出 ofthe regions of non-signi自cance betvveen all pairs of treatments and the sub­
sequent generalizat口飞 as well as controlli吁ng the pot.恒:en巾tial e忏陡ec吐ts of di币吁e町re凹nc咀e5
betv 飞呐Neen the r陌ar鸣咀e of the cova盯r旧a拭te 川 t协吁咀el廿r肥ea且tmen包 V叽Icox (1987b) al50 de咀iι-
。ped a statistic, 'h' 
10 • 飞穹2叩pea芷ted compari刊sons of 七 oth int恒e.陀"Cepts and slopes of al1 treatment regre 白，on丘
For comparisons of treatments with very large sample sizes or large d肝erences In 

日mple sizes, h should be substituted by 飞/(2
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into account the covariate means and the covari­
ate residual variation 吐le C

j
5 are the contrast coef­

ficients , MSD~"''''..nl is 仕om the ANCOVA and Residual 
SSn _"___,,,,, is from an ANOVA on the covariate 

Residual刷

There will be an equivalent F test (F ~t2) that can 
be oartitioned from the SS ，'_~，_____~，. Note that most y ... u U~H.H.L""'''' .L .......u~ '-H"'- ..,....A(adjusted) 
statistical softwarewill provide adjusted means as 
output 仕om 且tting an ANCOVA model and also 
allow contrasts on adjusted means as part of the 
generallinear models routines 

12.6.2 Unplanned comparisons 
To do unplanned multiple comparisons of 
adjusted means , use either the Bryant-Paulson 
Tukey (B-P-T) te5t or the Conditional Tukey 
Kramer test (Day & Quinn 1989. p. 461). The latter 
test is simpler, because it uses the usual q distribu 
tion. The B-P-T test uses special tables (Kirk 1995) 
Both can be used as stepwise Ryan's tests. As a 
general rule , however, we recommend that you 
avoid unplanned multiple compariso口s and try 
and plan a small number of sensible contrasts 
wherever possible. Most statistical software won't 
do either multiple comparison test , so an alterna 
tive is to do all pair飞N"ÎSe contrasts based on the t 
tests in Equation 12.16 with a Bonferroni-style 
adjustment of significance levels to correct for 
multiple testing (Chapter 3) 

问ore complex designs 12.7 I 

皿dicated that the different rank transform tests 
in ANCOVA generally perform similarly but their 
results showed that only when the parame町lC

assumptions were seriously compromised did the 
oarametric ANCOVA do badly τhe rank transform 
approaches are probably most useful when inex~ 
plic:able outliers are present or when the relation­
ship between Y and X is nonlinear. effectively 
requiring a non-parametric regression. Given the 
concerns expressed in Chapter 9 about the ability 
of rank trans币。rm tests to detect interactions in 
ANOVA designs , their ability to pick up heteroge­
neity ofslopes in ANCOVA designs must also be in 
doubt 

Randomization tests could also be used if we 
consider the ANCOVA model as a multiple regres 
sion and do multiple randomizations of experi­
mental or sampling units to groups (as in a single 
factor ANOVA design - see Chapter 剖， keeping the 
pairing between Y and the covariate (Manly 1997) 

There are no speci直c dif丑cu1ties associated with 
ANCOVAs with unequal sample sizes between 
groups beyond what we have already discussed in 
Chapter 8 for single factor ANOVAs. We have to be 
more careful about checking assumptions with 
unequal sample sizes and if our design has two or 
more factors as well as a covariate , we recommend 
using Type III 55 (see Chapter 9) 

Unequal sample sizes 

(unbalanced designs) 
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and 

E~ (~)(斗旦+与叫

bOj' bOk the intercepts of the 陪且resslons for groups j and k 

~ ~J~ b Ik the slopes of the regressions for groups j and k 

MSResidual( J)' 问SRe~idual(k) the residual mean 呵U副阿三5 from the 陀-gress旧nw此hin
each group 

与， Xk the mean values of the cova门ate in each group 

SSXi' S\~ the sums of squa陀5 for the ηeans of each covariate in each group 
门~， nk sample sizes in each group 

;丘;企矶叫川l
α Slg伊nr币白C臼anc臼e level (usually 0.05匀) 
) number of groups for factor A 

df degrees of freedom for the cc 有 panson between j and k base 才 on the 
Satterthwaite and Welch a 才'Justment (Chapter 3) 

with 

within-groups (5ection 12.1.3) once a pooled 
regression slope has been fitted 

Single factor ANCOVA models are relatively 
straightforward. but things get more complicated 
with multiple factors andlor multiple cova口ates

The adjustment procedure is just an extension of 
the single factor design. but the test ofhomogene 
ity of slopes is much trickier. Each broad type of 
design will be considered separately in this 
sectlOn 

12.6.1 Planned contrasts 
Contrasts among adjusted means ca口 be done 
with a t test 

Designs with tw口 or more 
covanates 

In designs with multiple covariates , the regres­
sion component ofthe ANCOVA becomes a multi 
ple regression. The adjustment for a design with 
one factor and two covariates (X and Z) is 

(12.17) Yi(耐U阳d) = Yu - byx(xu 主)-byþ， 主)

Specifìc comparisons of 

adjusted means 

12.6 
12.4 I RobustANCOVA 

12.7.1 

This daunting equation is simply the usual t test 
for a contrast in a standard ANOVA except it takes 

t~ 

τbere has been a surprising amount oftheoretical 
work on robust alternatives to ANCOVA.just about 
all based on ranks (see review in Maxwell et aI 
1993). Such robust methods may be required if 
耻阳5 non-normal町m出r呻onse variable (Y) 
or nonlineari可 in the relationship between Yand 
the covariate. Puri & Sen.s (1969) test. one of the 
firs t. ranks Y and X separately then calculates a 
special test statistic. Al ternatively, a simple rank 
transfbrmm11approach could be used whereby 
the usual ANCOVA IS done on rank transfbrnIed 
data (both y aEd X)OleJIIIK&MEina(1987) 

12.3.3 Comparing regression lines 
We rmenHoned at the Start of thlS Chapter that 
ANCO\战 can also be used as a way of comparing 
reEYesSIon Imes between groups IEe companson 
of 四gression slopes across groups, a test for par­
al\由m.u山se臼S 山 me山d由s de臼sc曰r曲耐n山P4叽­
O1u1S seCtu1Orn1'testzng the factor group by covaHate 
Interactmn ternIIf the witthm group regressIOn 
slopes are difl也rent， then there is usually no inter­
est in comparing intercepts because the differ­
ence between intercepts is not maintained 白or
Other values ofX Ifthe regresslon lmes areEound 

ze:刀;JZfZZJtzzz::zlt
used to"tbrce"the HEMS to be paHIlel and the dlt二
krences between Intercepts represent dIffkences 
Ebr any value ofX SO the test comparIngmtep 
cepts IS simply the test comparing adjusted means 
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Tabïe 12.31 Fact~rialANCOVAwi出 factor A(p levels), factor B (q level:归

Source Morse & Bazzaz (1994) df 问orse & Bazzaz ( 1994) 

A Temperature (p - 1) Z 
B CO2 (q 一 1)
Axß Temperature x CO, (p-I)(q-I) Z 
Cov，σriote Biomoss 
Residual Residual F ♀ (n 一 1) - 1 231 

Note 
Example 巴什omMo 广se & Bazzaz ( 1994) , who had unequal numbers of plants within each cell. The 
covariate term does not contribute to the SS 

To"，巾diusted丁

where byχ is the estimate of the pooled within­
grou ps regression slope relating Y to X (ßYJJ and b

Yl 
is the estimate ofthe pooled within~groups regres­
sion slope relating Y to Z (ßyz). The analysis is then 
done on these adjusted values in a similar manner 
to when there is a single covariate. We must be 
very careful about collinearity problems, particu­
larly correlations between the two covariates. Two 
highly correlated covariates provide redundant 
information so won't help in reducing the resid­
ual variation much anyway. Additionally, if either 
ofthe covariates are differentbetween the groups , 

the adjustment requires extrapolation of either 
the Y on X or Y on Z regression lines 

For most statistical sofh阳目， we simply 
include the multiple covariates when we 且t our 
linear ANCOVA model. Checking homogeneity of 
within-group regression slopes is more difficult 
Essentially the assumption is about parallelism of 
a series ofplanes (or higher-dimensional spaces!), 

rather than simple lines. We suggest that you 
check the homogeneity of slopes 岛r each covari­
ate separately, by testing the interactions between 
the factor and each covaria te 

12.7.2 Factorial designs 
Factorial designs that include one or more covari­
ates measured on each experimental or sampling 
unit are common. For example , Morse & Bazzaz 
(1994) did an experiment to test the effects of 
three temperature regimes and two levels of CO

2 

on the number of nodes (an estimate of develop­
mental age) of individuals of two species of 
annual plants (Abutilon 由四'phn旧ti ， a C

3 
plant, and 

Amaranthus retroflexus , a C
4 

plant). Each species was 

analyzed separately with a factoriallinear model 
with replicate plants in each cell. Because the 
number of nodes might be atfected by size inde­
pendently of age , the aboveground biomass (i.e 
size) was also used as a covariate for these analy 
ses 

The ANCOVA model for this design is based on 
adjusting the 予values using a within-cells regres. 
sion slope pooled across all the combinations of 
factors A and B (the pq cells): 

Yijkfadj) = Y自 k - b(x供- i<) (12.18) 

This adjustment is based on the estimate (b) ofthe 
pooled within-cells regression slope (β). The ana 
lysis then uses these adjusted values in a two 
factor crossed ANOVA (Table 12.3). For most soft­
ware, the model fitted is the usual two factor 
crossed ANOVA model including a covariate term 

Maxwell et a l. (1993) point out that the effects 
of the two factors in crossed ANCOVAs are not 
orthogonal , i.e. we have the same difficulty parti­
tioning the 5STotalfadjj as we do t巧nng to part1tlOn 
the Ss,,',"l in a crossed ANOVA design with unequal 
sample sizes (Chapter 9). Our recommendation for 
Type 111 SS in unbalanced factorial models also 
applies to factorial ANCOVAs, even when the 
sample sizes are equal. When random factors are 
included in these models , the denominators of 
the F tests for the tixed factors will change, as 
described in Chapter 9 

Since the adjustment in Equation 12.18 is 
based on the pooled within-<:ells regression slope , 

the test for homogenei可 of slopes in these facto­
rial designs should compare the regression slopes 
across all pq cells. For a two factor (A and B) with 

MORE COMPLEX DESIGNS 

丁;ble 12.4 I Nested ANωIVA with fixed factor A (p le回Is) ， random factor B (q level们es旧d within A and 
covariate 

Source Leona时 et 01. (1999) df Leonar甘 et 01. (1999) Denominator 

A Predation p 一| B(A) 
B(A) 5吐e(Preda切on) p(q 一 1) 4 Residual 
Coν'Oriote Length Residuσl 

Residual Residual pq(n-I) 一| 204 

Note 
Example is from Leonard et 01. (1999) who had uneq旧I numbers of mussels with'ln each s'lte within 
each p陀dation leve l. Denominator for F test of Hn for each term pro 叫 de 才 The covariate term does 
not contribute to the 55 Total(叫Ijusted)

one covaria te (11月 design ， the following model 
would be fitted 

y你 =μ+叫+鸟 +(αβ)， +X+ 叫X+ 吗X+
(αβl，jX+ε队 (12.19)

Notethat玛 here re岳rs tothee征ectoffactorB ， not 
the regression slope for the covariate. The regres­
sion slopes are implied by the covariate term X 
and its interactions in the model. Mode112.19 will 
result in three heterogeneity of slopes terms: 
AXX, B XX and AX BXX. Huitema (1980) recom­
mended that these terms be combined and tested 
agalnst 出e M5Residual from this model. This tests 
画。r any variation between slopes across all cells 
This is the same test that we would get ifwe fitted 
a model that considered the factor combinations 
as levels of a single factor (a cell means model) and 
tested the factor by covariate interaction term 

Tests of main effects in factorial designs pool 
across the levels of the other factor例， so it might 
be more appropriate to do separate tests 岛rhom仔
geneity of slopes for each effect based on adjusted 
means. 50 we would test homogeneity of slopes for 
the A X B interaction (test A X B X X against the 
Residual) , test for homogeneity of slopes for the A 
main effect (testA XX against Residual) and again 
for the B main ef也ct (test B X X against Residual). 
认Te have not seen this approach discussed in the 
literature , although 飞、re suggest a version of it for 
nested designs in Section 12.7.3. 

lf the Ho of equal slopes is rejected , you can 
then test simple main effects with separate 
ANCOVAs or examine the interaction between the 
factors and the covariates in more detail. Either 

way, the Wi1cox IJ-N) procedure will again play an 
important role. As before , we recommend doing 
onlya small number of possible compariso时， as 
planned contrasts. If the homogeneity of slopes 
test is not significant, then those interaction 
terms involving the covariate can be omitted and 
the model refitted - this then is a standard 
ANCOVAmodel 

12.7.3 N臼ted designs with one covariate 
Nested designs can also inc1ude covariates. For 
example , Leonard et aJ. (1999) examined attach 
ment strength of intertidal mussels at sites with 
either high levels of crab predation or low levels of 
crab predation. The prediction was that attach 
ment strength would be greater at sites where pre 
dation was important. This was a nested design , 

with factor A being high vs low predation, there 
were three sites (factor B) nested within each pre­
dation level and attachment strength (Y) was 
measured on randomly chosen mussels. Because 
attachment strength might also be related to 
mussel size (larger mussels have stronger attach­
ments) , shelllength was recorded for each mussel 
as a covariate (X) 

The ANCOVA model for this design is based on 
a句usting the Y-values using a pooled within-cells 
regression slope τhis adjustment is the same as 
used for a factorial design , based on the estimate 
(b) ofthe pooled within-<:ells regression slope (β) 
see Equation 12.18 in prevlOus sectlOn 
币1e nested ANCOVA then uses these adjusted 

values (Table 12.4). 111e model !ìtted is the usual 
nested ANOVA model inc1uding the covariate term. 

355 
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Testing for homogeneity of regression slopes 
tests can be done in two ways. First, we can test for 
any differences in slopes ofthe regression models 
for Y on X across a11 ce11s τhis test is done by 
fitting the following model 

y加=μ+αt 十码(i) 十X+α，x+呜(i，x+与 (12.20) 

τhis model includes the AXX and the B(A)XX 
interactions and we would combine these into a 
single test of homogenei可 of within-ce11s regres­
sion slopes 

The second approach acknowledges that 
factor B is usual妙 random in these designs and A 
is then tested against B(A). This suggests that we 
might do a separate test ofhomogeneity ofslopes 
among the levels of A, using the B(A) X X inter 
action terms as the error (AXX against B(A)XX) 
The question that we are now asking 凹， "Is there 
significant variation in slopes between levels of A, 

relative to variation in slopes between the levels of 
B within levels of AT' τhis seems to be the 
approach taken by Leonard et al. (199到， whotested 
the Predation X Length interaction against either 
the Site(Predation) or the Site(Predation) X Length 
term. We suggest the latter denominator is more 
appropriate, especia11y when the question focuses 
on adjusted A level means. There will be some 
cases where you explicitly want to compare slopes 
across a11 ce11s i口 a nested design, and then the 
pooled test ofhomogenei可 of regression slopes is 
applicable 

12.7.4 Partly nested models with one 
covanate 

In split-plot and groups by trials repeated meas­
ures designs (Chapt盯 11) ， there are two ways a 
covariate can be inc1uded. First, separate meas­
ures for the covariate are taken for each sub-plot 
within each plot or for each subject at each time 
or within-subjects group. In the example 仕om
Mullens (1993) described in Chapter 11, blood 
pressure might be measured as a covariate for 
each toad each time breathing rate is recorded 
Second , a single covariate measure is associated 
with each plot or with each subject, irrespective 
of sub-plot or level ofwithin subjects factor. Again 
from Mullens (1993), body size or basal breathing 
rate might be used as a covariate and there would 
be only a single value for each toad , as this would 

not vary with 0 , level. Krupnick & Weis (1999) 
used this second type of partly nested ANCOVA to 
analyze their 四periments on the effect of flori­
vo巧， on plant success τhey had a repea ted meas­
ures design with individual plants of the 
perennial shrub Isomens aγ"borea as the subjects 
The between-subjects factor was three insecticide 
treatments (protected 仕om herbivory by insecti­
cide spraying, exposed to herbivory but sprayed 
with water control, exposed to herbivory without 
spray) 咀1e Wl吐ün-subjects factorwas date as each 
plant was recorded on numerous occassions in 
each ofthr巳e years - separate analyses were done 
for each year (Table 12.5)刀le response variable 
was 丘uit production but because this might also 
be affected by plant size , the number ofbranches 
on each plant was recorded as a covariateτhis 
covaIiate did not vary for each plant during the 
expenment. 

In the more general first scenario, there are 
regressions ofY on X at two levels - between plots 
or su均ects. and within plots or subjects. The 
second situation is just a special case of the first 
where the covariate measure is the same for every 
observation on each subject or plot. In this situa­
tion. there is only a between-subject or plot regres­
s10n , so only the between-subjects means are 
adjusted in practice. In the first case. the adjust­
ment is done for between-subjects effects (A) and 
witlün-subjects effects (C and A X C) 

The ANCOVA adjustment for the first case is 
(阻rk 1995) 

Yijk(adjj = Yijk - bBetween( 主z 茸勾)-bWi附【恤t
where bBe饥阳v归een is the estimate of t由hepo∞oled within n 1 

A groups (i.e. betw.咄'ee凹n plot臼sfsub.均IJect臼s) r四egresslOn1 

s巾lop严e (惋β乌"阳由..)皿d bw怕i扰t削hin口川n 1且s the e臼Stl皿1m卫na咀at恒e of the 
pooled within C groups (i 已 within plotsfs刷刷s)

regression slope (β飞机tbin)' When the covariate has a 
single value for each plot or subject, tl1en the 
second component of the 呻ustment in 12.21 
日mply becomes zero. The analysis then uses these 
adjusted values in a partly nested ANOVA (Table 
12.5). The model fitted is the usuaI partly nested 
model including the covariate term. 

Testing homogeneity of slopes in these designs 
is tricky and rarely discussed in textbooks. Even a 
recent review of ANCOVAs for split-plot designs 
(Federer & Meredith 1992) did not des口ibe testing 

GENERAL ISSUES AND HINTS FOR ANALYSIS 

T油le 12.51 Par吐y nested ANCOVA with factor A (p le'四ls) and factor B (plotsfsubjects ~th q le四 15) ne'sted within 
A. fac阻rC(γlevels) 臼 within-plotsfsu句ects factor and a covariate 皿easured on each plotfsubjeet 

Source Krupnick & Weis (1999) df Krupnick & Weis (1999) 

Between plots/subjects 
A Treatment (p 一 1 ) Z 

Covariate (X) No. branches 
B(A) Plants within treatment p(q-I)-I 26 

叭 thin plots/subjects 
C Date (r- 1) 25 

AXC Treatment X date (þ- I)(r- 1) 50 

Cxx Date X no. branches (r一 1) 25 

B(A) XC Plants within t陀atment X date p(q-I)(r一 1) 一| 650 

Note 
Example is for 1992 fruit production in Isomens 础。reo from Krupnick & Weis (1999) - their Table 2 
Factor A was insecticide treatmen\, plots/subjects were plants , factor C was date and the covariate was 
number of branches on each plant 

for homogenei可 of slopes , although their paper 
emphasized estimation , not hypothesis testing 
For the general case with separate covariate meas' 
ures for each sub-plot or each subject at each level 
of the within-subjects factor. a model that 
includes a11 factor by covariate interactions is 
fitted: 

Yijk1 = μ+αi+ßj(i)+ γA 十 (α-Y)ik +卢布附 +X+
'α，x + ßj(i,x +γ'，x +(αγ)"X+ε供 (12.22)

Note that 1 usually equals one in these designs 
so each observation is actua11y Yijk. In such a 
desi伊， we cannot separately estimate ßγ}(i)k and 
εiild nor can we separately estimate the covariate by 
fáctor interaction terms 马i(byXand(αγ)此间I X. 
We suggest testing homogeneity of slopes 岛rA， C

and AX C separately using tlae appropriate error 
terms , i.e. A X X against B(A), C X X and A X C X X 
against B(A) X C. For the case where we have only 
single CQva口ate measure for each plot or subject. 
homogeneity of slopes is only relevant across 
levels of A, so only the interaction ofAX X would 
be included in the model and tested against the 
B(A) term. This approach was used by Krupnick & 

Weis (1999) who tested for an interaction between 
insecticide treatment (the benveen-subjects 
factor) and number ofbranches (covariate) 

Note that ifthe covariate measures are differ­
ent for each sub-plot or level of the within 

su时ects factor, your data file will need to be coded 
for a classical split-plot analysis (Chapter 11)，凹'en
ifyou have a repeated measures design. Note also 
that the number ofterms in these models , inc1ud­
ing all the inte田ctions with the covariate, can get 
large and this can cause computational problems 
when tl1e number of observations (especially 
plotsfsubjects within A) is relatively small 

12.81 Gene时 issues and hints for 

analysis 

12.8.1 General issues 
• Inc1uding one or more covariates can reduce 

the unexplained variation in ANOVA designs 
and increase precision of estimates of group 
means and power of tests 

• The basic ANCOVA tests null hypotheses about 
adjusted means and factor effects , where the 
linear relationship between the covariate and 
the response variable (Y) is taken into account. 
τhese means are adjusted to the overall mean 
value for the covariate by the relationship 
between Yand the covariate 

• Since a pooled within-groups regression slope 
is used for the adjustnlent. the assumption of 
homogeneous slopes across groups IS ve可
important for interpreting ANCOVA models 
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N可man (J-N川) procedu配 is a叩pplica油ble for 
simple designs ifthis assumption is not met 

• Contrasts and unplanned multiple 
comparisons betw四n adjusted means require 
differ四1t methods than 岛r unadjusted means, 

taking into account the linear relationship 
with the co守anate.

• Covariates can be inc1uded in more complex 
ANOVA models (nested, factorial , and partiy 
nes四d) ， the major diffi比ulty being deriving 
tests for homogeneity of slopes 

Ir--

12.8.2 Hints for analysis 
• Most common statistical software 。他rs

ANCOVA as a menu option , but in most of 
them, you will be fitting an ANCOVA model 
that assumes homogeneity of slopes. To fit a 
model testing for heterogeneous slopes , you 
will generally need to speci穹 the model 
fully through the generallinear models 
option 

• Homogeneity ofwithin-group regression 

slopes is tested by inciuding factor by covariate 
interaction terms in a preliminary model. In 
complex models , homogeneity ofslopes can be 
checked by combining all factor by covariate 
terms into a single interaction term that is 
tested or by treating the design as a single 
factor means model and testing the single 
factor by covariate term. Alternatively, 

homogeneity of slopes may be better tested 
separately for each component of the analys凹，
e.g. homogeneity of slopes 岛r main effects 
separately 

• If slopes are heterogeneous , the comparison of 
adjusted means using the johnson-Neyman 
(J-N) procedure is not available as part of most 
statistical software , and must be computed 
manually (Box 12.4) or with the program 
WlLCOX 

• Assumptions such as normali町" homogenei可

of variances and linearity are best examined 
with graphical techniques such as residual 
plots and scatterplo臼

Chapter 13 

Generalized linear models and logistic 

regresslon 

Sofar, mostoftheanalyseswehavedescribedhave considered so far. One of the most important is 
been based around linear models that assume that least squares estimation no longer applies 
normally distributed populations of the response and maximum likelihood methods must be used 
variable and of the error terms 仕om the 缸ted (Chapter 2) 
models. Most linear models are robust to this A GLM consists of three components. First is 
assumption, although the extent of this robust- the random component, which is the response 
ness is hard to gauge , and transformations can be variable and its probability distribution (Chapter 
used to overcome problems with non-normal 1). The probability distribution must be 仕om the 
error terms. There are situations where transfor- 四ponential family of distributions , which 
mations are not e丘ective in making errors normal 
(e.g. when the response variable is categorical) 
and , in any case , it might be better to model the 
actual data rather than data that are transformed 
to meet assumptions. What we need is a technique 
for modeling that allows other types of distribu­
tions besides normal. Such a technique was intro­
duced by Nelder & Wedderburn (1972) and 且lrther
developed by McCullough & Nelder (1989) and is 
called generalized linear modeling (GLM). ln this 
chapter, we will examine two common applica­
tions of GLMs: logistic regression, used when the 
response variable is binary, and Poisson regres­
sion , when the response variable represents 
counts. ln the next chapter, we will describe log­
linear models when both response and predictor 
variables are categorical and usually arranged in 
the form of a contingency table 

13.1 I Generalized linear 

models 

Generalized linear models (GLMs) have a number 
of characteristics that make them more generally 
applicable than the generallinear models we have 

includes normal, binomial, Poisson, gamma and 
negative binomial. IfY is a continuous variable , its 
probability distribution might be l1ormal: if Y is 
bina可 (e.g. alive or dead) , the probability distribu 
tion might be binomial; if Y represents counts , 

then the probability distribution might be 
Poisson. Probability distributions from the expo 
nential family can be defined by the l1atural 
parameter, a function of the mean , and the dis 
persion parameter, a 且lnction ofthe variance that 
is required to produce standard errors for esti­
mates ofthe mean (Hilbe 1993). For distributions 
like binomial and Poisson , the variance is related 
to the mean and the dispersion parameter IS set to 
one. For distributions like normal and gamma , 

the dispersion parameter is estimated separately 
from the mean and is sometimes called a nui­
sance parameter 

Second is the systemat1c compone丑t， which 
represents the predictors (X variables) in the 
model τhese predictors might be continuous 
and/or categorical and interactions between pre­
dictors , and polynomial functions of predicto凹，
can also be inc1uded. 

Third is the link function , which links the 
random and the systematic component. It 
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