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Other sampling designs take into account het~ 
erogeneity in the population from which we are 
sampling. Strati且ed sampling is where the popu­
lation is divided into levels or strata that repre­
sent clearly defined groups of units within the 
population and we sample independently (and 
randomly) from each of those groups. For 
example, we may wish to estìmate characteristics 
of a population of stones in a stream (OUI variable 
might be species richness of invertebrates). If the 
stones clearly fall into difl岳rent habitat 町P凹. e.g 
riftles , pools and backwaters, then we might take 
random samples of stones 仕om each habitat 
(stratum) separately. Stratified sampling is likely 
to be more representative in this case than a 
simple random sample because it ensures that the 
major habitat types are included in the sample 
Usually. the number of units sampled from each 
stratum is proportional to the total number of 
possible units in each stratum or the total size of 
each stratum (e.g. area). Estimating population 
means and variances from stratified sampling 
requires modification ofthe formulae provided in 
Chapter 2 for simple random sampling. If sam­
plingwithin a stratum is random, the estimate of 
stratum population mean is as before but the esti­
mate ofthe overa11 population mean is 

ÿstr二三川 (7.1) 

where there are h = 1 to 1 strata. 叫~ is the propor­
tion of total units in stratum h (often estimated 
from the proportion of total area in stratum h) 
and Yh is the sample mean for stratum h (Levy & 

Lemeshow 1991). If our sample size within each 
stratum is proportional to the number ofpossible 
units within each stratum. Equation (7.1) sim­
pli且es to 

YEEI (7.2) 

where there are i = 1 to nft observations sampled 
within stratum h, Yfti is the ith observation 仕'om
the hth stratum and n is the total sample size 
across a11 strataτbe standard error of this mean 
IS 

-Pstr 主附t (7.3) 

where s~ is the sample variance for stratum h 
Approximate confid巳nce intervals can also be 
determined (Levy & Lemeshow 1991.ηlOmpson 
1992). When statistical models are fitted to data 
仕om stratifìed sampling designs , the strata 
should be included as a predictor variable in the 
model τbe observations from the different strata 
cannot be simply pooled and considered a single 
random sample except maybe when we have evi­
dence that the strata ar巳 not different in terms of 
our response variable. e.g. from a preliminary test 
bet\veen strata 

Cluster sampling also uses heterogeneity in 
the population to modi命 the basic random sam­
pling design. Imagine we can identi命 primary
sampling units (c1usters) in a population. e.g. indi­
vidual trees. For each primary unit (tree) , we then 
record a11 secondary units , e.g. branches on each 
tree. Simple c1uster sampling is where we record 
all secondary units within each primary unit. Two 
stage cluster sampling is where we take a random 
sample of secondary units within each primary 
unit. Three stage c1uster sampling is where we 
take a random sample oftertiary units (e.g.leaves) 
within each secondary unit (e.g. branches) within 
each primary unit (e.g. trees). Simple random sam­
pling is usually applied at each stage. although 
proportional sampling can also be usedτbese 
designs are used to estimate variation at a series 
of hierarchical (or nested) levels. often represe口U
ing nested spatial scales and nested linear ANOVA 
models are often fitted to data 仕om two or more 
stage cluster sampling designs (Section 9.1) 

Systematic sampling is where we choose sam­
pling units that are equally spaced. either spa­
tially or temporally. For example. we might choose 
plots along a transect at 5 m intervals or we might 
choose weekly sampling dates. Systematic sam­
pling is sometimes used when we wish to describe 
an environmental gradient and we want to know 
where changes in the environment occur. For 
example, we want to measure the gradient in 
species richness away 仕om a point source ofpol 
lution. Simple random sampling away 仕um the 
source might miss the crucial region where the 
species richness undergoes rapid change. 
Sampling at regular intervals is probably a better 
bet. Various methods exist for estimating means 
and variances 仕'om systematic sampling, 

although the estimates are biased unless certain 
conditions are met (Levy & Lemeshow 1991) 

τhe big risk with systematic sampling is that 
the regular spacing may coincide wi吐1 an 
unknown environmental gradient and so any 
inference to the whole population of possible 
sampling units would be biased (Manly 2001). This 
is probably more likely in field biology (e.g 
ecology) where environmental gradients can 
occur at a range of di丘erent spatial and temporal 
scales. 

Systematic sampling can have a single random 
starting point, where the 且rst unit is chosen ran­
domly and then the remainder evenly spaced 
Alternatively. a c1uster design could be used , 

where c1usters are chosen at random and then 
systematic selection on secondarγsampling units 
wi thin each c1 uster is used 

Finally. we should briefly mention adaptive 
sampling. When a sampling program has a tempo­
ral component, which is often the case in biology, 

espe口ally when sampling ecological phenomena 
or environmental impacts , then we might modi穹
our sampling design on the basis of estimates of 
parameters early in the program. For example. we 
might change our sample size based on prelimi 
nary estimates of variance or we might even 
change to a stratified design if the initial simple 
random sampling indicates c1ear strata in the pop­
ulation that were not det，巳cted early on 
Thompson (1992) provides an introduction to 
adaptive sampling but a more detailed text is 
Thompson & Seber (1995) 

7.1.2 Size of sample 
Ifwe have idea ofthe level ofvariability between 
sampling units in our population , we can use this 
m岛rmation to estimate the required sample size 
to be confident (e.g. 95% confident) that any 
sample mean wi11 not be different from the true 
mean by more than a specifìed amount under 
repeated samplingτbe calculations are simple , 

assuming we have sampled randomly and the 
Central Limit Theorem (Chapter 2) holds 

(7.4) 

where z is the value from a standard normal dis­
tribution for a given confidence level (z equals 1.96 
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for 95% confìdence 50 Z2 approximately equals 
面our - Manly 2001).σ2 is the variance of the popu­
lation (usually estimated with 52 from some pilot 
sample or previous information) and d is the 
maximum a110wable absolute dif岳阳nce betw'een 
the εstimated mean and the true population 
mean. Note that the estimation of sample sizes 
depends on the variance estimate from the pilot 
study matching the variance in the population 
when we sample 

7.2 I Experimental de咆n

While our emphasis is on manipulative experi­
ments , most of the prin口ples we w i1l outline 
below also apply to non-manipulative contrasts 
that we might make as part of sampling pro­
grams. General p口nciples of experimental design 
are described in many standard statistical texts , 

and in great statistical detail in some very good , 

specialized books. such as Mead (1988) and 
Underwood (1997). Hairston (1989) and Reseta口ts

& Fauth (1998) describe many examples of ecolog 
ical experiments and evaluate their design 

The most important constraint on the unam. 
biguous interpretation of an experiment is the 
problem of confounding. Confounding means 
that differences due to experimental treatments. 
Ï.e. the contrast speci且ed in your hypothesis , 

cannot be separated 仕om other factors that might 
be causing the observed differences. A simple. 
albeit trivial. εxample will illustrate the problem 
Imagine you wished to test the effect of a parti口1-

lar hormone on some behavioral response of cray­
fìsh. You create t\vo groups of cray直sh ， males and 
females. and inject the hormone into the male 
crayfìsh and leave the females as the control 
group. Even if other aspects of the design are OK 
(random sampling. controls. etc.). differences 
between the means of the tw"O groups cannot be 
unambiguously attributed to effects of the 
hormone τbe two groups are also dif岳rent

genders and this may also be. at least partly, deter­
mining the behavioral responses of the cray白sh.
In this example, the effects of honnone are con­
founded with the effects of gender.τhe obvious 
solution is to randomize the allocation of crayfish 
to treatments so that the two groups are just a5 
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Example of an 
inappropriately replîcated study on 
the e仔'ects of 们re on soil 
invertebrates. Each ar'田略目m内d

with fìve replicate soîl cores 

likely to have males and 
企males. Unfortunately. pos. 
sible con岛unding is rarely 

8urnt area 

@ 

• • • 
this obvious and confounding can sneak into an 
experimental design in many ways , especially 
through inappropriate replication.lack ofproper 
controls and lack of randomized allocation of 
experimental units to treatments. These 臼ues

will be our focus in this chapter, 

Sometimes , confounding is a deliberate part of 
experimental design. In particular, when we have 
too many treatment combinations for the 
number of available replicate units, we might con. 
found some interactions 50 we can test main 
effects (Chapter 9). Designs with such deliberate 
confounding must be used with care. especially in 
biologywhere interactive efì坠cts are common and 
difficult to ignore 

7.2.1 Replication 
Replication means having replicate observations 
at a spatial and temporal scale that matches the 
application of the experimental treatments. 
Replicates are essential because biological 
systems are inherently variable and this is partic 
ularly so for ecological systems. Linear model 
analyses of designed experiments usually rely on 
comparing the variation between treatment 
groups to the inherentvariabilitybetween experi 
mental units within each group. An estimate of 
this latter variabili可 requires replicate units. 

Replication at an appropriate scale also helps 
us avoid confounding treatment diffe四nces with 
other systematic differences between experimen­
tal units. Forεxample. to test ifthere are effects of 
且sh predation on the abundance of a species of 
bivalve on intertidal mud t1ats, we might set up a 
field experiment using fish exdusion cages and 
suitable cage controls (see Section 7.2.2 for discus­
sion of controls) over plots (experinlental units) 
on the mudflat. lfwe simply have a single exclu­
sion plotand a single control plot. then the effects 
of our treatment (fish 四clusion) are confounded 

• 
• 

Unburnt area 
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⑧ 

with inherent differences between the two plots 
related to their spatial location , such as tidal 
height, sediment composition, etc. With two or 
more replicate plots for each of the two treat­
ments (exdusion and control), we can be much 
more con1王dent in attributing dif岳出nces

between treatment and control plots to fìsh exclu­
sion rather than inherent plot diff诠rences. Note 
that replication does not guarantee protection 
from confounding because it is still possible that, 
by chance , all our treatment plots are different 
仕om our control plots in some way besides access 
to 且sh. However, the risk of confounding is 
reduced by replication. especially when combined 
with randomized allocation of treatments to 
experimental units (Section 7.2.3) 

While most biologists are well aware of the 
need 自or replication , we often mismatch the scale 
of those replicates relative to treatments b吧mg
applied. Probably no other aspect ofexperimental 
design causes more problems for biologists 
(Hurlbert 1984). Imagine a study designed to test 
the effects of 直re on the species richness of soil 
invertebrates. Fire is difficult to manipulate in the 
field , so investigators often make use of a natural 
wildfire. In our example , one burnt area might be 
located and compared to an unburnt area nearby. 
Within each area , replicate cores of soil are col­
lected and the species 口chness of invertebrates 
determined for each core (Figure 7.1). The mean 
number of species of invertebrates between the 
two areas was compared with a t test, after veri今
ing that the assumptions ofnormality and equal 
vanances were met 

There is nothingwrongwith the statistical test 
in this exanlple. Ifthe assumptions are met, a ttes[ 
is appropriate for testing the Ho that there is no 
difference in the mean number of invertebrate 
species between the two areas. 吐1e difficulty is 
that the soil cores are not the appropriate scale of 

四:plication for testing the effects of 且reη1e

spa.tial unit to which fire was either applied or not 
applied was the whole area, and the measures of 
species richness from within the burned area 
measure the impact of the same fìre τberefore， 

也ere is onlyone replicate foreach ofth巳 two treat­
ments (burnt and unburnt). With only a single rep­
licate area for each ofour treatments , the effect of 
fire is completely con岛unded with inherent dif­
ferences between the two areas that may also 
affect invertebrates , irrespective of fire. It is very 
difficult to draw conclusions about the effect of 
fire from this design; we can only conclude 仕om
Ollr analysis that the two areas are different 

The replicate soil cores within each area 
simply represent subsamples. Subsampling of 
experimental units does not provide true replica 
tion. only pseudoreplication (sensu Hurlbert 1984). 
Pseudoreplication is a piece of jargon that has 
been adopted by many biologists and used to refer 
to a wide range of t1awed experimental designs. In 
many cases , biologists using this term do not have 
a c1ear understanding ofthe problem with a par­
ticular design, and are using the phrase as a catch­
all to describe different kinds of confounding. We 
will avoid the term , in part to encouragεyou to 
learn enough of experimental design to under­
stand problem designs. but also because the term 
is a little ambiguous. The design is replicated, but 
the rep1ication is at the wrong scale , with repli­
cates that allow us to assess each area , and the dif­
ferences between areas , but no replicates at the 
scale ofthe experimental manipulation 

Confounding as a result of inappropriate rep­
lication is not restricted to non-manipulative field 
studies. Say as marine biologists. we wished to test 
the effects of copper on the settlement oflarvae of 
a species of marine invertebrate (e.g. a barnac1e) 
We could set up two large aquaria in a laboratory 
and in each aquarium , lay out rep1icate substrata 
(e.g. Perspex panels) suitable for settling barnac1e 
larvae. We dose the water in one aquarium with a 
copper solution and the other aquarium with a 
suitable inert control solution (e.g. seawater). We 
then add 1000 cyprid larvae to each aquarium and 
record the number oflarvae settling onto each of 
the panels in each aquarium. The mean number 
of settled larvae between the two aquaria was 
compared with a t test. 
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We have the same problem with this experi 
ment as with the fire study.τhe appropriate 
experimental units for testing the effects of 
copper are the aquaria. not individual panels 
within each aquarium. The effects of copper are 
completely confounded with other inherent dif­
ferences between the two aquaria and panels are 
just subsamples. We emphasize that there is 
nothing wrong with the t test; it is just not testing 
a null hypothesis about copper effects. only one 
about dif岳rences between t:\'γ'0 aquaria. To prop­
erly test for the effects of copper (rather thanjust 
testing for dif边rences between two aquaria) , this 
experiment requires replicate treatment and 
control aquaria. Note that this experiment has 
other problems. particularly the lack of indepen­
dence between the multiple larvae in one aquar­
ium - barnac1e cyprids are well known to be 
gregarious settlers 

As a final example , consider a study to inves­
tigate the ef也cts of a sewage discharge on the 
biomass of phytoplankton in a coastal habitat. 
Ten randomly chosen water "samples1" are taken 
from the sea at a location next to the outfall and 
another ten water "samples" are taken 仕om the 
sea at a location away (upcurrent) from the 
outfall. As you might have guessed. the appropri­
ate units 自or testing the effects of sewage are 
locations , not individual volumes ofwater. With 
this design. the effect of sewage on phytoplank­
ton biomass is completely confounded with 
other inherent differences between the two loca­
tions and the water "samples" are just subsam­
ples 

How do we solve these problems? The best 
solution is to have replicates at the appropriate 
scale. We need replicate burnt and unburnt areas. 
replicate aquaria for each treatment. replicate 
locations along the coast with and without 
sewage outfalls. Such designs with correct replica­
tion provide the greatest protection against 

1 Biologists and environmental scientists often use the tefm 
sample to describe a single experimental 0 1' sampling unit, 
eεa sample of mud from an 田tuary， a sample ofwater from 
a lake. ln contrast, a statistical sample is a collection of one 0 1' 

more ofthese units ("samples") from some defined 
population. We wiIl only use the te1'm sample to 目p1'esent a 
stat旺ical sample , unless there are no obvious alternative 
wo1'ds fo1' a biological sample, as in 由is case 
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confounding. In some cases , though, replication 
is either very difficult or impossible. For example , 

we ffiight have an experiment in which constant 
temperature rOOffiS are the experimental l1nits , 

but because oftheir C05t and availability within a 
research institution , only two or three are avai1 
able. ln the example looking at the ef也cts of 
sewage outfalls , we usually only have a single 
outfall to assess , although there may be no limit 
to the availability of locations along the coast 
without outfa115. Experiments at very large 
spatial scales , such as ecosystem manipulations 
(Carpenter et al. 1995) , often cannot have replica­
tion because replicate units simply don't exist in 
nature. 

ln situations where only one replicate unit is 
possible for each treatment, especially in a true 
manipulatìve experiment that is relatively short­
term , Qne possibility is to run the experiment a 
number of times , each time switching the treat­
men臼 between the experimental units. For 
example , run the copper experiment once , and 
then repeat it after reversing which aquarium is 
the treatment and which is the control 
Repositioning the aquaria and repeating the 
experiment a number of times will reduce the 
likelihood that differences between aquaria will 
confound the effects of copper. Alternatively, we 
could try and measure all variables that could pos­
sibly influence settlement ofbarnacIes and see if 
they vary between our aquaria - if not, then we 
are more confident that the only di他rence

between aquaria is copper. Of course , we can never 
be sure thatwe have accounted for all the relevant 
variables , so this is far 仕'om an ideal solution 

For the sewage outfall example , the problem of 
confounding can be partly solved by taking 
samples at several places we11 away 仕'Om the 
outfa11 , so we can at least assess the amount of 
variation between places. Ideal1y, however, we 
need samples 仕om several outfa11s and corre­
sponding areas far away, but it is difficult to reε 
ommend the installation of multiple outfalls just 
for statistical convenience. A substantial 1itera 
ture has developed to try and make a conclusion 
about impacts of human activities when there is 
only one place atwhich a potential impact occurs 
These designs are generally called Before-After­
Control-Impact (BAC1) designs (Green 1979, 

Stewart-Oaten et aI. 1986), and various suggestions 
include sampling through time to provide replica_ 
tion, samp1ing multiple control areas , etc 古lese

designs have been contentious, and a critical eval 
uation of their pros and cons can be found in 
Keough & Mapstone (1995) and Downes et a1. 
(2002) 

The above examples illustrate spatial con­
自bunding， but confounding with time can also 
occ山.， although it is less common. Consider an 
experiment to test for出e effects offloods on drift­
ìng insects in streams. We might set up six arti且­
cial stream channels with drift nets at the end 
six stream channels are a11 we have available. We 
want to impose two treatments , high flow and 
normal flow, and we know 仕om previous work 
that we wi11 need a minimum ofsix rep1icates per 
treatment to detect the desired effect if it Occurs 
(see Section 7.3 on power analyses). We c0111d do 
the experiment at two times 飞叽th six replicates of 
high flow at time one and six replicates ofnormal 
flow at time two. Unfortunately, the e他cts offlow 
would be completely confounded with di他rences

between the two times.τ11e appropriate design of 
this experiment would be to have three rep1icates 
of each treatment at each time , therefore becom 
ing a two factor experiment (treatment and time) 
If we only have enough experimental units to have 
one replicate for each treatment, then we can use 
time as a blocking factor (see Chapter 10) 

7.2.2 Controls 
In most experimental situatio时， many factors 
that could influence the outcome of the experi­
ment are not under our control and are allowed to 
va巧， naturally. Therefore, it is essential to know 
what would happen if the experimental manipu­
lation had not been performed. This is the func­
tion of controls. An excellent example ofthe need 
for controls comes from Hairston (1980 , see also 
1989) who wished to test the hypothesis that two 
species of salamanders (Plethodon jordani and P. glu­
阳osus) in the Great Smoky Mountains compete 
He set up experiments where P. glutinosus was 
remn四d from plots. The population of P. jordani 
started increasing during the three years follow. 
ing P. gIutinosus removal, but the population of P 
jordani on control plots (with P. glutinosus not 
removed) showed an identical increase. Without 

the control plots , the increase in P.joγdaηi might 
have been incorrectly attributed to P. glutinosus 

remova1 
Simply deciding to have controls is not 

enough. The controls must also allow us to elimi­
nate as many artifacts as possible introduc巳d by 
our experimental procedure. For example , 

research in animal physiology often looks at the 
effects of a substance (e.g. some drug or hormone 
or toxin) on experimental animals , e.g. rats , or in 
vitro tIssue preparatlOns.τ11e effec臼 of the sub 
stance are assessed by comparing the response of 
animals injected 飞ψith the substance to the 
response of control animals not injected 
However, differences in the responses of the two 
groups of animals may be due to the injection pro­
cedure (handling effects , injury 仕om needle etc.), 
not just the effect of the substance τ11e effects of 
the substance are confounded with dif坠rences ln 
experimental procedure. Such an experiment 
would need control animals that are injected with 
some inert substance (e.g. saline solutio时， but 
which undergo the experimental procedure iden­
tically to the treatment animals: such a control is 
sometimes termed a procedural control. Then any 
d白主rence between the groups can be more con fi.­

dently attributed to the ef!且ect of the substance 
alone. 

Ecological 且eld experiments also offer chal­
lenges in designing appropriate controls (Hairston 
1989, Underwood 1997). For εxample ， to examine 
the effect of predatory flsh on marine benthic 
communities , we might compare areas of substra­
tum with 且sh exclusion cages to areas of substra­
tum with no cages. However，由e differences 
between two types of area may be due to effects of 
the cages other than excluding flsh (e.g. shading, 

reduced water movement, presence of hard struc­
ture)τhe effects of fìsh exclusion are confounded 
with these other caging effects. We must use cage 
controls , e.g. cages that have larger gaps in the 
mesh that a110w in fìsh but are otherwise as 
similar to the exclusion cages as possible. Then, 

any difference between treatments can be more 
confidently attributed to the effect of excluding 
fish alone. This is not a simple matter - if a major 
effect of cages is to alter water movement (and 
hence sedimentation) , it may be difflcult to leave 
big enough gaps for flsh to enter at the same rate 
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as they enter uncaged areas , without changing 
flow rates. In many cases, the cage control will be 
physically intermediate between caged and 
uncaged areas ηle marine ecological literature 
contains many examples of different kinds of cage 
controls , including the step of using cages to both 
enclose and exclude a particular predator. 

Ecological experiments sometimes involve 
translocating organisms to dif:岳rent areas to test 
a speCl白c hypothesis. For example, to test what 
determines the lower limit of intertidal gastro 
pods on intertidal rocky shores , we might con 
sider translocating gastropods to lower levels of 
the shore.lfthey die , it maybe an effect ofheight 
on the shore or an effect of translocation proce 
dure. Appropriate controls should include gastro­
pods that are picked up and handled in exactly 
the same way as translocated animals except they 
are replaced at the originallevel. Additional con 
trols could include gastropods at the originall巳:vel
that are not moved , as a test for the effects ofhan 
dling by themselves. Controls for translocation 
experiments are tricky - see Chapman (1986) for a 
detailed evaluation 

7.2.3 Randomization 
There are two aspects of randomization that are 
important in the design and analysis of experi­
ment. The 且rst concerns random sampling 仕om
c1early defined populations, as we discussed in 
Chapter 2 and in Section 7.1.1. lt is essential that 
the experimenta1 units within each of our treat­
ments represent a random (or at least haphazard) 
sample 仕om an appropriate population of experi­
mental units. This ensures that our estimates of 
population parameters (means , treatment effects , 

mean squares) are unbiased and our statistical 
inferences (conclusions 仕'Om 由e statistical test) 
are reliable 

For example , ourεxperimental animals that 
received a substance in a treatment should repre­
sent a random sample ofa11 possible animals that 
we could have given the substance and about 
which we wish to draw conclusions. Our caged 
plots in the marine example must be a random 
sample of all possible caged plo臼 in that habitat -
similarly for our control plots. We must clearly 
define our treatment (and control) populations 
when we design our εxperiment. The converse is 
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întertidal mudflat to two treatments 
- fish exclusion (E) and cage-control 
(c) 

that we can only draw conc1u 
sions about the population 
仕Uffi which we have taken a 
random sample.lf Dur plots on 
a mud flat were scattered over 
a 20 m X 20 m area. then our 
conc1usions only apply to that 
area; if we used a particular 
strain of rats , then we have 
only a conclusion about that genetic strain, and so 
on 

The second aspect of randomization concerns 
the allocation of treatments to expe口mental
units or vice versa. One of the standard recom­
mendations in experimental design is that the 
experimental units be randomly allocated to 
treatment groups. This means that no pattern of 
treatments across experimental units is subjec 
tively inc1uded or exc1uded (Mead 1988) and 
should ensure that systematic differences 
between四perimental units that might confound 
our interpretation of treatment effects are mini 
mized (Hurlbert 1984, Underwood 1997)τ'he cray. 
白sh example described at the beginning of 
Section 7.2 ìs an illustration, if somewhat con 
trived , of the problem 

An artificial example , analogous to one 
described by Underwood (1997), involves an 
experiment looking at the difference in growth 
rates of newly hatched garden snails 面d eitherthe 
flowers or the leaves of a particular type of plant 
The flowers are only available for a short period of 
time , because the plant flowers soon after rain 
When the flowers are available , we feed it to any 
snails that hatch over that period. Snails that 
hatch after the flowering pe口od are given the 
leaves of the plant. The obvious problem here is 
that the two groups of snails may be inherently 
different because they hatched at di应性ent t1mes 
Snails that hatch earli町 may be genetically differ­
ent from snails that hatch later, have had differ­
ent levels ofyolk in their eggs, etc. Our results may 

Water 

回

囚

固
囚

E 固

回

国
囚 囚

Land 

reflect the effect of diet, or they may reflect differ­
ences in the snails that hatch at diff挂rent tlmes , 

and these two sources of variation are con. 
founded. Clearly, we should take all the snails that 
hatch over a given period, say the flowering 
period , and give some of them flowers and others 
leaves to ea t 
咀le allocation of experimental units to treat 

ments raises the difficult issue of四ndomization

versus interspersion (Hurlbert 1984). Reconsider 
the experiment described earlier on the effects of 
fìsh predation on marine benthic communities 
Say we randomly choose ten plots on an intertidal 
mudflat and we randomly allocate fìve of these as 
fish exclusion (E) plots and five as cage-<:ontrol (C) 
plots. What do we do if, by chance , all the control 
plots end up higher on the shore than all the 
exclu日on plots (Fi阴阳口)? Such an arrangement 
would concern us because we really want our 
treatment and control plots to be interspersed to 
avoid confounding fish effects with spatial differ 
ences such as tidal height. The simplest solution if 
we end up with such a clumped pattern after an 
initial randomization is to re--randomize - any 
other pattern (except the complete reverse with all 
control plots lower on the shore) will incorporate 
some spatial interspersion oftreatments and con 
trols. However, we must decide a priori what 
degree ofspatial c1umping oftreatments is unac 
ceptable; re--randomizing until we get a particular 
pattern of interspersion is not really randomiza~ 
tion at all 

VVhy not guarantee interspersion by arranging 
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Regular positioning of 
ten plots on mudflat combined with 
systematic allocation of plots to two 
treatments - fish exdusion (E) and 
cage~control (C) - to guarantee 
interspersion 

not marked clearly, regular 
spacing of plots makes it 
easier for researchers and 
their assistants to avoid 
walking on one plot acciden. 
tally when moving across the 
area. The eventual positioning 
ofreplicateswill be a combina-

tion of desired randomization, minimum 
spacing, and logistic considerations. 

τhis issue of randomization versus intersper. 
sion illustrates one of the many grey areas in 
experimental design (and in philosophy - see 
debate between Urbach 1984 and Papineau 1994) 
Randomization does not guarantee avoidance of 
confounding but it certainly makes it less likely 
With only a small number of experimental units , 

spatial clumping is possible and deliberate inter 
spersion, but combined with random sampling, 

might be necessary. It is crucial that we recognize 
the potential problems associated with non 

Land 

our plots regularly spaced along the shore and 
alternating which is exc1usion and which is 
control (Figure 7.3)? One problem with 由is design 
is that our plots within each group no longer rep­
resent a random sample of possible plots on this 
shore so it is difficult to decide what population of 
plots our inferences refer to. A1so , it is possible 
that the regular spacing coincides with an 
unknown periodi口ty in one or more 飞rariables

that could confound our interpretation of the 
effects of excluding 白sh. A compromise might be 
to randomly select plo臼 on the shore but then 
ensure m terspe臼ion by alternating 四:c1usions

and controls. At least we have chosen our plots 
randomly to start with so the probability of our 
treatments coinciding with some unknown, but 
systematic, gradient along the shore won't change 
compared to a completely randomized design 
There is still a problem. however; because, once we 
have allocated an E, the next plot must be a C, and 
it becomes more difficult to know what popula­
tion our E and C plots refer to τ'his example has 
additional complications - our replicates will not 
be truly random, as we will have some minimal 
separation of replicates入Ne 飞~ould not place plots 
on top of each other, and , as biologists ，飞/Ple have 
some fee1ing for the distance that we need to keep 
plots apart to ensure their independence. If the 
minimum separation distance is large. we may 
tend towards uniformly spaced replicates. In a 
且eld study, it is also possible that plots are easier 
to 白nd when they are regular, or, for example if we 
are working on an intertidal mudfl旺， with plots 

randomized designs 

7.2.4 Independence 
Lack of independence between εxperimen tal 
units will make interpretation difficult and may 
invalidate some forms of statistical analysis 
Animals and plants in the same experimental 
arena (cage , aquarium. zoo enc1osure , etc.) may be 
εxposed to a set of physical and biological condi­
tions that are di旺坦rent 仕om those experienced by 
organisms in other arenas. We may have a 
number of preparations of tissue 仕om a single 
animal, and other such sets taken 仕om other 
animals. The animals may differ 仕om each other, 
so two tissue samples 仕om the same animal 
might have more similar responses than two 
pieces of tissue chosen at random 仕'Om differen t 
animals or plants. We will consider statistical 
problems arising 仕om lack of independence in 
the appropriate chapters 
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Box 7.1 I Simple example of power analysis 

In an e却才ier project (Keough & King 1991) , we were examining the 矶时 of closing 
a range of shores to collection of abalone , through proclamat旧 n of two marine 
park旦 The closure was cc 门tent旧 U5 ， den川门g both commercial and rec广-eational
divers 廿 e chance to colle吐， and，廿 e陀for飞 it was imperative to collect information 
to test whether the management strategy had worked. The aS5川ption (unte由d)

was that exploitation of abalone had 陀duced a七 undanc自 The intent旧n was to 
survey a range of rocky headlands after a few years of prc恒 ctlon ， surve川g ar田s

where collection was still allowe 才 and areas where it had been bar 们 ed 非he陀、 ere

no differences between these areas 七 e由扫for凹『陀它 pro旺C阳川m阳1

lmpc旷rt旭an时t question was the 自也e击 b剧ilit町.y of these 5臼u广内飞它归严. The par旧am旧et恒e陌 of the 
power equatlon 飞呐户 ere estimated as folloll咀

• the test of management could be 引mplifled to a t test, with a 陪同icate ob如

vat旧n be川g a rocky reef site (with some replicate observat旧nsw胁 n each 
陀ef， to get a be坑旷 idea of its 红at的I

·αwas le仕 at 0.05, and 1βset to 0.80, by convention, and 
·σwas estimated by sen剑 ng teams of dωers ou比 to sa可 e a range of sites in 

the same way planned for the 町al monitoring. Those ~刀 lot surveys pr。如 ced a 
mean density of abalone of 47.5 legal-sized animals per 50 m2 area, with a 
standa时 deviation of 27 .7. This latter value was 山ed as an estimate of a-. 

In the flr到 case ， let's calculate the number of observations (site叶 required

Determining the effect size was very difficult as little work had been done on these 
animals in the areas concerned. and was eventually calculated using a ra们 ge of 
unconnected data sets. As a working assumpt旧 n， rec 它 at旧 nal divers and poachers 
we陪 assumed to take approximately as ma叩 animals as commercial d吨 rs

Commercial divers were required to 日 le regular reports listing the mass of abalone 
taken , broken down into small reporting regions. A飞班加 paper 例cShane & 

Smith 1990) had described size--frequency relatic们如 ips for commercial catches of 
abalone, and length 训eight relationships (问cSha门e et 0 1. 1988), so it was possible 
to convert a mass of abalone into an average number of animals taken per year 
什C 呐 each reportlng r巳gion. Another 白sheries publicatic门 provided maps of m句。r
abalone reefs, giving their approxlmate a陀as. From these data, the number of 
animals taken cou 才 be co川erted into an approximate number per 50 m2. In this 
日吨 the value for heavily fìshed areas (averaged over 6 years of dlver r色turns) was 
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designing an experiment, and it should (but wilI 
not. unfortunately, in many 囚ses) also provide 
justification for publishing non-significant 
results 

An emerging body of the statistical and biolog_ 
ical literature is concerned with questions of 
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power. Here we provide a very broad overview of 
the uses ofstatistical power, but for detailed plan­
ning of specific experiments or programs , good 
general reviews are provided by Cohen (1988 , 

1992), Peterman (1990a，时， National Research 
Council (1990), Fairweather (1991) , and Keollgh & 

Mapstone (1995). We will also return to power 
analysis as we begin to consider more complex 
designs later in this book 

To determine the power of an analysis , we 
need to spec均 the alternative hypothesis (H

A
), or 

eti鱼ct size , that we wish to detect. For most 可pes
of analyses (e ,g , simple two group comparisons , 

ANOVA and regression models) , power is propor 
tional to the following 

7, 2,5 Reducing unexplained variance 
One ofthe aims of anybiological research project 
is to explain as much about the natural world as 
possible. Using linear models , we can estimate the 
amount ofvariation in our response variable that 
we have explained with our predictor variables. 
Good experimental design will inc1ude considera­
tion of how to reduce the unexplained variation 
(MSReSidual) as much as possible 刀lere are two 
broad strategies to achieve this 

! 

• Effect size (ES) - how big a change is ofinter­
est. We are more likely to detect large effects 

• Sample size (叫 a given effect is easier to 
detect with a larger sample size. 

• Variance (σ2) between sampling or experimen­
tal units - it is harder to detect an effect if the 
population is more variable. 

• Significance level (α) to be used. Power varies 
with αAs mentioned in Chapter 3, most biolo 
gists use a value ofα~0.05 

• Including additional predictor variables in our 
analyses. We have discussed this in the context 
of multiple regression in Chapter 6 and will 
examine it further in the analysis of 
multifactor experimen臼 in Chapter 9 

• Change the spatial structure ofthe design, 

particularly by incorporating one or more 
blocking variables. This will be discussed in 
Chapters 10 and 11 

Recall 仕om Chapter 3 that the complement to a 
Type 11 error is the concept of po飞.ver - the long-run 
probability of detecting a given effect with our 
sample(s) ifit actually occurs in the population(s) 
lf ß is the risk of making a Type 11 error, 1β， or 

power, is the probability that we haven't made an 
error. More usefully, statistical power is a measure 
of our confidence that we would have detected an 
important effect if one existed 

This concept can be used in a range of situa-

7.3 I Power analysis 

More formally, 

(7.5) 

Exactly how we link values ofthese parameters to 
power depends on the particular statistical test 
being used (hence the proportional sign in the 
equation). For individual cases , we construct a spe. 
cific equation, usually using the relevant non­
cen tral sta tistical distribu tion 2，飞.vhich in turn 
requires precise knowledge of the statistical test 
tha t will be used (see Box 7.1 and Figure 7.4) 

correct. 

2Anon.叫cent阳1 dîstribution describes the distribution of our 
test st<ltistic that would be expected if HA 阳ther than Ho' is 

p ESαV百
ower :x 

σ 

tions. In designing an experiment or making an a 
poste叫 ori assessment ofthe use且llness of an experi­
ment, the important questions are as follows 

Supposing that there is a change of a particu­
lar size, what kind of sampling program would be 
needed to detect that change with reasonable cer. 
tainty (or to estimate the magnitude of such a 
change)? Or, given a particular level of resources. 
what kind of change could we reasonably expect 
to detect? For post hoc assessment (of a non日gnifi­

cant result), we must ask, ifour treatments really 
did have an effect (of a particular siz剖. would we 
have detected that effect with our experimental 
design and analysis? 

Power analysis is there岛re a use且11 tool for 
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I 1.6 animals m-2，时 approximately 25% of the sta门 d 们 g stock. Adding supposed 
陀creational and poaching catches, these values be 二ome 23.2, and 50%, respective 严

The power calculations then become q山 te simple, a尸::J can be done using a 
range of softwa陀 package♀ For these values, the number of sites to be sampled is 
24 

In the second case , if we a陀 unhappy with the numbel' of approximations made 
in calculating the e他ct size , we could canstruct a ζurve of MDES YS 门 (Figure 7.4)3 
The 陪lationship is al50 shown as a cu川e of power V$ e民ct 剑ze for n equals 24, to 
illustrate the comparisc门时协 the fìrst approach. Note that the solution for 80% 
power c町responds to an effect size of 23 

Theimpo同ant panel is the one for detectable effect 引ze vs sample 日ze ， showing

th且 small numbers of sites (Iess than se 吧 n) woulc 陪qu，吧 at least a doubling of 
the number of legal-sized abalone in the area for an efftιt to show up , whereas our 
best guess 巴 that the change is more like付 to be around 50兔 and the dashed line 
shows that an effect size of 23 corresponds to n 二 24. The curve also emphasizes 
the rapid retums resulting from an increase in 日mple size , if you start with a po臼 w

replicated experiment - the detectable e百ect declines dramatically at low n 飞/alues，

but tapers off, indicating a region of diminishing return 

3 We constructed the curve sr四川 on using the tree software package Power P汉k， wri 忧ec 七 l

Russ副 Lenth. His web s阳 φv阴阳l.divms.uioWii.edu/-巾nthlPnw叫 inclL才 es several optJons fo广
doing power ca!culations. 

7.3.1 Using power to plan experimen岱
(0 þriori power analysis) 

There are two ways that power analysis can be 
used in the design of an experiment or sampling 
program 

Sample size calrulation (power, u， 日， ESknown)

The most common use of power analysis during 
the planning of an experiment is to decide how 
much rep1ication is necessary. We can then decide 
whether it is feasible to use this many replicates 
To do these ca1culations , we need to speci命 the

effect size and have an estimate of σAt the plan. 
ning stage , you may not have a good idea of the 
variation you are likely to get, and need to get an 
estimate , either from previous studies or pilot 
work. The most difficult step will be speci命ingthe
effect size (Section 7.3.3) 

Effect size (power, n, u , known) 
Ifεxternal factors are likely to restrict the number 
of observations (sample size) to relatively low 
levels , the alternative approach is to ca1culate the 
constraints of the expe口ment - using this many 
observations , and with the likely background 

variability, what is the smallest change that we 
could expect con且dently to identif沪This situa­
tion is common when the sampling itselfis expen­
sive. For example 

• expensive laboratory analyses for trace chemi 
cals , 

• benthic marine sampling requiring large 
ships , 

• if there are few laboratories capable of doing 
assays , 

• ifprocessing each observation takes a large 
amount ofyollr time , 

• experimental units are expensive , such as 
doing physiological work on small mammals , 

where the cost of each animal may be very 
restrictive, especially for stlldents 

At either the planning stage , 01' after an 
experiment or sampling program has been COffi­
pleted, it is possible to ca1culate the size of change 
that could be 01' could have been detected. This 
has been termed "reverse power analysis" by 
Cohen (1988) , and the effect size that we ca1culate 
has been labe l1ed the Minimum Detectable Effect 
Size (MDES). We are asking , for a given level of 

background variability, sample size , and a desired 
certainty or power, how big would the change 
need to be before we would detect it as signi直­
cant? Again, it is best to use this ca1clllation 
beforehand , to decide if the work is worth doing, 

and although it might also be used afterwards to 
reassure readers that everything was done prop­
erly. Ca1culating the detectable effect may be a 
preferred solution when you are not comfortable 
with speci秒inganap町ori e他ct Slze 

For example，仕'Om su凹eys of intertidal mol. 
luscs in protected and collected areas near 
Williamstown in Victoria, we 且ound changes of 
15-25% in the mean size of species that are c01 
lected by humans (Keough et al. 1993). Because 
these data came 仕om surveys , rather than con 
trolled experiments , we also measured sizes of a 
set of species that are not collected by humans in 
great numbers. To be confident that the patterns 
seen for collected species did not reflect a 
response to some unmeasured environmental var­
iable , we analysed the non-collected speci白， and 
found no signifì.cant difference between sites with 
and without human access. For non叫collected

species to be an appropriate control, we need to be 
confident that we could have detected a pattern 
the same as that shown by collected species. We 
used power analysis to show that our sampling 
program would have detected a change as small as 
10% 自or some ofthese species , i.e. , ifnon-collected 
species changed as much as collected ones , we 
would have detected it (Keough et al. 1993) 

Sequence for using power analysis to design 
expenments 

The statistical design stage of any experiment or 
sampling program should include the following 
steps 

1. State clearly the patterns to be expected if 
no ef:也ct occurs, and the patterns expected if 
there are changes. In formal statistical tenns , 

this corresponds to c1ear formulations ofthe 
nllll hypothesis and its alternative 

2.ldenti命 the statistical model to be applied 
to the data , and state the desired power and the 
signi且cance levels to be used 

3. IdentifY the assumptions ofthat statistical 
procedure. Ifpossible , use existing or compara-
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ble data as a rough guide to whether those 
assumptions are likely to be satisfì.ed. Consider 
possible data transformations. Ifyou expect to 
use transformed data, the effect size must be 
expressed on that transformed scale. For 
example, ifyOll are interested in a doubling of 
numbers of a particular organism, and will 
analyze log-transformed data , yOllr effect size 
will be 0.301 when converted to a 10glO scale 

4. Obtain some pilot estimate ofvariation in 
the variable to be analyzed. In some cases , we 
require estimates ofvariation in space and time , 

while in other cases we may only be comparing 
in space or through time alone. In some 
ecological studies , estimating variation through 
time requires pre-existing data sets involving 
time periods of at least a few years. lf there are 
no local data , some ballpark estimates may be 
obtained from the literature 仕om other 
geographic regions. It is crucial that the estimate 
ofvariability must be based on same scales of 
space and time as your final data. There is no 
reason to expect that variation on one scale wiU 
be a good predictor ofvariation on a dif王erent
scale. 

Ifyou have complex experimental designs 
(e.g. Chapters 9-11) , you need to think about the 
variation that is used to test a particular 
hypothesis. Ifyou have, for example , nested or 
split-plot designs , different hypotheses will b吧
tested against different measures ofvariation, 

and you would need to do power analyses for 
each separate hypothesis. Importantly in this 
context, you must get an estimate ofσat the 
appropriate level 

5. The next step depends on whether your 
design will be limited by logistical constraints. 

(a) lf our aim is to design the best possible 
experiment, we should speci穹 the effect size 
that we wish to detect - how large a change is of 
biological interest? The implication here is that 
detecting changes less than the speci直ed
amount has low priori粤 In practice , this 
decision is very dif且cult， but it is nevertheless 
critical. The effect size may be chosen 仕oma
range of sources, e.g. other studies of the same 
biological system, studies of other processes that 
you might wish to compare to the one you are 
investigating, etc. (Section 7.3.3). Using our 
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desired ES. an estimate ofσand the speci自ed
value ofα， it should then be possible to calculate 
the number ofreplicates needed to detect that 
effect size with power 1β 

(b) Ifwe have constraints on the size of our 
experiment or sampling program , we can use an 
estimate of σ， the chosen values ofαand βand 
the upper limit to the number of observations 
possible to determine the Minimum Detectable 
Effect Size (MDES). It is often use且11 to calcula te 
MDES values for a range of sampling efforts , and 
to represent the results as a plot ofMDES versus 
sample size. This relationship can then be used 
to show how much return we would get for a big 
change in sampling effort. or the sample size 
necessary to reach a particular MDES value (see 
Peterman 1989) 

7 .3 .2 Post hoc power calculation 
If an experiment or sampling program has been 
completed, and a non-significant result has been 
obtained , post h町 power analysis can be used to 
calculate power to detect a specified effect, or to 
calculate the minimum detectable e丘ect size for 
a given power. Calculating post hoc power requires 
that we define the effect size we wished to detect , 

given that we know ηand have an estima te of σ， 

Obviously, once the experiment has been done, we 
have estimates of σ， e.g. from the MS 仕omab. ~~~~~~ LH_ ...~Residual 

regression or ANOVA model, and we know how 
much replication we used τ'he effect size should 
be the size of change or effect that it is important 
for us to detect. lt is obviously useful to demon 
strate that our test had high power to detect a bi仔
logically important and pre-speci直ed effect size 
口'homas 1997).ηle downside is tha t if power is 
low, all thatyou have demonstrated is your inabil­
ity to design a very good experiment，时， more 
charitably, your bad luck in having more variable 
data than expected! It is far more useful to use 
these calculations at the planning stage (Section 
7.3.1; Underwood 1999). After an experiment, we 
would expect to use the ca1culations to satisfY our­
selves that power is high enough, that our initial 
power ca1culations , often based on very rough 
estimates ofvariance , were correct 

Some statistical packages offer a flawed kind of 
post hoc power ca1culation, sometimes called 
"observed power" (Hoenig & Heisey 2001). In this 

approach , we use the existing analysis to estimate 
both the effect size and sample variance , and llse 
those values in the power equation. For example , 

in a two-sample t test, we would use the di旺erence
between the two means as the e丘ect size τ'his 
observed effect size is unlikely to match a di旺b
ence that we decide independently is important 
Perhaps most important1y, Hoenig & Heisey (2001) 
have demonstrated that observed power has a 1:1 
relationship with the P value so higher P values 
mean lower power and ca1culation of observed 
power tells us nothing new (see also 咀lOmas

1997). We emphasize again the importance of 
thinking carefully about the kinds of effects that 
you wish to detect in any experiment, and the 
value of making this and other decisions before 
you sample 

Pοst hoc power ca1culations can be used to con 
vince reviewers and editors that our non-signifì 
cant results are worth publishing. Despite the 
clear value of a confident retention of a null 
hypothesis (see Underwood 1990, 1999), it can still 
b巳 difficult in practice to get such results pub­
lished. W.坦 have already emphasized in Chapter 3 
that any assessment of the literature can be seri 
ously compromised by the 咀Ie-drawer problem" 
If non-significant results are less likely to be pub­
lished , because of an active policy of editors and 
referees or lack of enthusiasm of the researchers , 

then unbiased syntheses of a particular discipline 
are not possible. Providing measures of obse凹ed

effect size and showing you had good power to 
detect pre-specifìed effect sizes ofbiological inter­
est will make non-significant results much more 
interpretable 

7.3 .3 The effect size 
1'11e most difficult s回p ofpower analyses is decid­
ing an ef瓷ct size. Our aim is 归 identi命 an effect 
of experimental treatments that we consider 
important , and that , therefore , we would want to 
detect. How do we decide on an important ef:坠ct?
The decision is not statistical, but in most cases 
uses biological judgment by the research worker, 

who must understand the broad context of the 
study. In most pieces of research , the work is not 
self-contained , but our aim is to investigate a phe 
nomenon and to compare that phenomenon to 

related ones. We might want to 

• compare results for our species to those for 
other species, 

• compare the role of a particular biological 
process to other processes acting on a particu 
lar species or population, or 

• contrast the physiological responses to a chem 
ical , gas mixture , exercise regime, etc., to other 
such environmental changes 

1n these caseS ，、Ne should be guided by two 
questions. Can we identifY a change in the 
response variable that is important for the organ-
ism , such as a change in a respiration paramet町，
blood pressure, etc ., that would be likely to impair 
an organism's function , or a change in population 
density that would change the risk oflocal extinc 
tlO日?What were the levels of response observed in 
the related studies that 飞/Ve intend to compare to 
our own?τ'hese questions sound simple, but are 
in practice very dif:丑cult， especially in whole­
organism biology, where we are often dealing 
with biological systems that are very poorly 
studied. In this case , we may not be able to predict 
criticallevels of population depletion. changes in 
reproductive performance , etc. , and will have very 
1ittle information with which to make a decision 
The available information gets richer as we move 
to sub-organismal measurements , where work is 
o仕:en done on broadly distributed species , stan­
dard laboratory organisms , or on systems that are 
relatively consistent across a wide range of 
animals or plants. In any case , we must de口de
what kind of change is important to us 

What ifwe can not identi穹 an effect size about 
飞.vhich we feel con且dent?

Quite 0仕:en ， we will not be able to select an effect 
size that we could defend easily. In this case , there 
are three options available 

1. Use an arbitrary value as a negotiating 
point. In many published ecological studi凹，
inc1uding a range of environmental impact 
studies , an arbitrary change , usually of 50 or 
100% (relative to a control group) in the 
abundance of a target species , has been used 
These values seem to be accepted as being 
"large" , and with the potential to be important. 
They are not necessarily biologically meaningful 
- a much smaller change may be important for 
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some popula tio田， while others that vary widely 
through time may routinely change by 50% or 
more between years or places τ'hem司orvalue of 
this approach is in environmental monitoring, 

where a sampling program may be the result of 
negotiation or arbitration between interested 
parties ar;伊ing for increases and decreases in 
the scope ofthe monitoringprogram. 

2. Cohen (1988) proposed conventions oflarge, 

mediuI丑， and small effects. Rather than 
expressing an effect size as , for example , a 
difference between two means , he standardized 
the effect size by dividing by σFor a simple case 
of comparing two groups , he suggested , based on 
a survey of the behavioral and psychological 
literature , values ofO.2 , 0.5 , and 0.8 for 
standardized differences (i.e ., (ÿ， 一九)!O'， for small, 
medium, and large). He acknowledged that these 
values are arbitrary, but ar凯led that we use 
arbitrary conventions very often, and proposed 
this system as one for dealing with cases where 
there is no strong reason 面or a particular effect 
size. These values may or may not be appropriate 
for his 且eld of research. but they are not 
necessarily appropriate for the range ofbiological 
situations thatwe deal with. A c 口tical change in 
mig四tion rates between geographically 
separated populations , for example, will be very 
different when we are investigating genetic 
di伍erentiation between populatio凹， compared

to measuring ecologically important dispersal 
that produces metapopulations. Considerable 
exchange is necessary for ecologicallinks , but 
very low rates of exchange are sufficient to 
prevent genetic separation. A且ybroad
recommendation such as Cohen 's must be 
tempered by sensible biologicaljudgment 

3. A more useful approach may be the one we 
describe above , in which, rather than use a 
single effect size , we plot detectable effect size 
versus sampling effort or power versuS ef企ct
size. In this case , we get an idea of the kinds of 
changes that we could detect with a given 
sampling regime , or, the confidence that we 
would have in detecting a range of effects. While 
we don't have a 丑ormal criterion for deciding 
whether to proceed , this approach is use且11 for 
giving an idea ofthe potential ofthe 
experiment 
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Environmental monitoring - a spe口al case 
One common activity for biologis臼 is to assess the 
effects of various human interventions in the 
natural environment, and. in this ca5e, we are not 
always comparing our results to a broader litera­
ture. but collecting information to make deci­
sions about the acceptability of a particular 
act1vl叨， in a particular region 咀le question , then, 

is whether the activity in question has an unac­
ceptable impact. We need to de口de how big a 
change in the response variable is unacceptable 
In this ca5e t we may get advice on the effect size 
仕om formal regulations (e.g. criteria for water 
quality. setting standards for human health or 
environmental 飞ealth"). There may also be occa­
sions when the level at which the human popula­
tion becomes concerned defines the target effect 
Slzeτ'his level may be unrelated to biological cri­
teria. For example , oiled seabirds washing up on 
beaches triggers public complaints. but the 
number of sick or dead animals may not result in 
a population decline. There will, how巳ver， be 
intense pressure to monitor charismatic mega­
fauna , with an effect size determined by political 
considerations. In other monitoring situations , 

we may fall back on arbitrary values , using them 
as a negotiating point, as described above. Keough 
& Mapstone (1995. 1997) have described this 
process , and ther巳 is a good discussion of eff坦ct
sizes inOsenberg et aJ. (1996) 

7.3 .4 Using power analyses 
τhe importance of these power calculations is 
that the proposed experiment or sampling 
program can then be assessed. to decide whether 
the MDES , power, or sample size values are accept 
able. For example , if the variable of interest is the 
areal extent of seagrass beds , and a given sam 
pling program would detect only a thousand-fold 
reduction over ten years , it would be of little 
value. Such a reduction would be blindingJy 
obvious without an expensive monitoring 
program , and public pressure would stimulate 
action be岛re that time anyway. 

Ifthe results ofthe power analyses are accept. 
able because the MDES is small enough. or the rec­
ommended number of observations is within the 
budget of the study. we should proceed. If the 
solution is unacceptable, the 凹qJeriment will not 

be effective. and the level ofreplication should be 
increased. If you decide to go ahead with no 
increase in sample size , it is important that you 
are aware of the reallimitations of the sampling 
Proceeding with such a program amounts to a 
major gamble - if a real effect does occur, the 
chance of your actually detecting it may be very 
low - often less than 20%. rather than the com­
monly used 80%. That means that there is a high 
probability that you'll get a non-significant result 
that is really a non.result - a result in which you 
have little confìdence , and your resources wiU 
have been wasted. You may be lucky. and the effect 
ofyour treatments may be much larger than the 
one you aimed to detect, but that result is 
unlikely. 

How much should you gamble? Again. there's 
no simple answer, aswe are dealingwith a contin 
uum, rather than a clear cuÌ'咱ff. lf the power is 
75% , you wouldn't be too worried about proceed. 
ing. but what of70%? 50%?回e decision will most 
often be the result of a suite of considerations 
How exciting would a signifìcant result be? How 
important is it that we get some information , 

even ifit's not conclusive? Will some other people 
add to my data. so eventually we'll be able to get a 
clear answer to the hypothesis? Would an unpub­
lishable non.significant result be a career impedi. 
ment? The answer to the last question depends on 
who you are, what stage of your career you are at , 

how strong your scientific record is, and so on 
lfyou aren't willing to gamble. you have only 

a couple of options. The first is to look hard at the 
experimental design. Are there ways to make the 
experiment more efficient, so 1 need less time or 
money to deal with each replicate? Decreasing the 
resources needed 岛r each experimental unit 
may allow you to increase the sample size 
Alternatively, are there other variables that could 
be incorporated into the design that might reduce 
the background noise? 

τhe second option, which is intermediate 
between a calculated gamble and rethinking the 
analysis. is the approach described in Chapter 3. 
in which we do口't regard the rates of Type 1 and 
巧rpe 11 errors as 且xed. One conventional approach 
would be to use a less stringent criterion for statis 
tical signi直cance， l.e. , lncrease α， producing an 
increase in power. This solution isn't satisfactory, 

as we would still be allowing the Type II error rate 
to fluctuate according to logistic constraints , and 
just fixing the Type 1 error rate at a newvalue. The 
solution proposed by Mapstone (1995) is that. 
when we must compromise an experimental 
design, we do so by preserving the relative sizes of 
the two errors. He suggests that. as part of the 
design phase. we have identified the desirable 
error rates. and those two rates should be chosen 
to ret1ect our perception of the importance of the 
two kinds of errors. He suggested that compro­
mises should prese凹e those relative rates, so that 
if we proceed 飞咀出 a less than optimal experi. 
ment. we are more likely to make both kinds of 
decision errors.τ'hat approach has been detailed 
for environmental monitoring by Keough & 

Mapstone (1995. 1997). including a flow diagram 
to detail those authors' view of how a sampling 
program gets designedηlÎs approach is sensible, 

but it is too soon to see if it will gain wide acce~ 
tance in the broader scienti且c li tera ture. 

Occasionally. the calculations may show that 
the MDES is much less than the desirable effect 
size. suggesting that the experimentalfsampling 
program is more sensitive than expected. In this 
case, you could consider redu口ng the replication. 
with the possibility of using "spare'" resources for 
further studies. Our experience suggests that this 
latter situation is uncommon. 

While formal power analysis is part of the 
Neyman-Pearson approach (Chapter 匀， and most 
often discussed as part of hypothesis testing, the 
general principles apply to other statisticaJ tasks 
VVhen estimating the value of a particular param. 
eter, we maywish to be certain thatwe produce an 
accurate estimate of that parameter (Section 
7.1 剖， and the confìdence that we have in that esti. 
mate will be similar to poWo町， depending on sam. 
pling ef句时， variability, etc. If our aim is to 
produce a confi.dence interval around an esti. 
mate. the procedures become even more similar­
a con fi.dence interval requires a statement about 
the level of confidence. e.g. 0.95. and depends also 
on sampling effort and 飞rariation. We must also 
make some decision about the distribution of our 
parameter, either by assigning a formal distribu. 
tion (e.g. normal. Poisson). or by opting for a ran­
domization procedure 
Ap时ori power analysis should , we think, be a 

GENERAL ISSUESAND HINTS FORANALYSIS I 

routine part of planning any experiment. Our 
initial power estimates may be quite crude. espe 
cially when we have a poor estimate of the varia­
tion present in our data. As we will see in later 
chapters , too, for complex designs. we may be 
faced with a large range of power cu凹凹. corre­
sponding to different patterns among our treat­
ments. and we will not be sure what pattern to 
expect. However, we will at least know whether 
"important" effects are likely to be detected. given 
our available resources. Having that knowledge 
makes us de口de whether to reallocate our 
resources to maximize the power for our key 
hypotheses 

Perhaps the most valuable part of a prio时
power analysis is that, to do the calculations , we 
must speci/)' the alternative hypothesis. and. most 
importantly. the statistical model that we will 
apply to the data. Speci穹ing the model makes us 
think about the analysis bφγ"{' the da ta have been 
collected , a habit that we recommend strongly. 

The final , important point is that power calcu 
lations , especially at the planning stage. are 
approximate. We usually use pilot estimates of 
variation that, if we do the appropriate calcula 
tions , tend to have alarmingly large confìdence 
intervals , so our power estimates will also have 
considerable imprecision. If our target power 
value is 0.80. we should be looking for calcula­
tions that give power values in this region. Often , 

our sample sizes in biological work are quite 
small, and powervalues move in substantialincre 
ments , because the sample size，几 is an integer. In 
planning, we should not focus on whether power 
is 0.75, 0.80 , etc., but on making sure we have 
enough samples to approach the desirable value , 

rather than giving values of 0.30 or 0.40. 

7.4 I General issues and hints for 

analysis 

7.4.1 General issues 

• When thinking about experimental design , 

the need for appropriate controls is familiar to 
most researchers, but less attention is often 
paid to appropriate units ofreplication. It is 
crucial to iden t啡， for a par岳阳lar hypothesis. 
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or analysis stages) , Or the degree of confìdence 
in the analysis (after a non-signifìcant reSUlt) 

·τ'I1e most difficult task is almost always 
determining an important effect size , but 
doing 50 岛cuses our attention on what is 
biologically important, rather than just 
looking for statistical significance 

:Jill-

and set of experimental treatments , the 
experimental units to which these treatments 
are applied. These experimental units are the 
replicates for testing that hypothesis. 

• In more complex designs , testing several 
hypotheses , the experimental units may occur 
at several temporal and spatial scales 
Attention must be paid to identi守ing the 
appropriate amount ofreplication for each of 
these hypotheses 

• Power analysis, used when planning a 
sampling or experimental program , provides a 
means of determining whether Ollr plan is 
feasible. or of deciding the resources that are 
necessary for a particular experiment 

• A power analysis can only be done when we 
have an estimate ofthe variation in the system 
under study. If the power analysis is done 
before sampling. we must obtain an estimate 
ofvariation on the same spatial and temporal 
scale as our planned experimental uni臼，

• Power analysis also requires us to speci命 the

statistical model that will be applied to the 
data - without this step , no calculations can be 
made. While we may be forced to make 
changes when the real data arrive, this step is 
useful in formalizing our experimental design 

• Power equations can be used to determine the 
number ofreplicates (at the planning stage) , 

the change that could be detected (at planning 

Chapter 8 

7.4.2 Hints for analysis 
• At the planning stage, write out an analysis 

table and its associated statistical model, to be 
sure that you understand the design clearly 
Identi市 the key hypothesis tests 

• Determine the effect size by thinking abOllt 
what would be important biologically. 

• Focus on using power analysis to determine 
appropriate sample sizes in the design stage 
Post hoc power calculations can be useful for 
pre-specl直ed effect sizes. Ca1culating observed 
power, the power to detect the observed effect, 
is pointless 

• The formal analysis ofpower for simple 
designs can now be done using a wide range of 
software packages 

• More complex analyses require an understand­
ing of the calculation of non-centrality para 
meters. After making that calculation , 

non-cen tral distribu tion 且lnctions are freely 
available for most common statistical distri 
butions. 

Comparing groups or treatments - analysis of 
varlance 

世le analysis of variance (Ar叫OVA) is a general sta 
tistical technique for partitioning and analyzing 
吐le variation in a continuous response variable 
We used ANOVA in Chapters 5 and 6 to partítion 
the variation in a response variable into that 
explained by the linear regression with one or 
more continuous predictor variables and that 
unexplained by the regression model. In applied 
statist町， the term "analysis ofvariance" (ANOVA) 
is commonly used for the particular case of parti­
tioning the variation in a response variable into 
that explained and that unexplained by one or 
more categorical predicto凹， called factors , 

usually in the context of designed experiments 
(Sokal & Rohlf1995 , Underwood 1997). The catego­
ries of each factor are the groups or 巳xperimental

treatments and the focus is often comparing 
response variable means be-rnreen groups. We 
emphasized in Chapter 5 that the statistical dis­
tinction be-rnreen "classical regression" and "clas­
sical ANOVA" is artificiaL Both involve the general 
technique of partitioning variation in a response 
variable (analysis ofvariance) and offitting linear 
models to explain or predict values of the 
response variable. It turns out that ANOVA can 
also be used to test hypotheses about group (treat­
ment) means. 

The two main aims of c1assical ANOVA, there­
岛re ， are 

• to examine the relative contribution of differ­
ent sources ofvariation (factors or combina 
tion offactors , i.e. the predictorvariables) 阳
the total amount of the variability in the 
response variable , and 

• to test the null hypothesis (Ho) that population 
group or treatment means are equal 

8.1 Single factor (one way) designs 

A single factor or one way design deals with only 
a single f;注ctor or predictor, a1though that factor 
will comprise several levels or groups. Designs 
that can be an均zed with single factor ANOVA 
models are completely randomized (CR) designs , 

where there is no restriction on the random allo­
cation of experimental or sampling units to factor 
levels. Designs that involve restricted randomiza­
tion will be described in Chapters 10 and 11. We 
will use two recent examples from the literatl1re 
to illustrate use ofthis analysis 

Diatomcomn王unities and heavy metals in rivers 
Medley & Clements (1998) studied the response of 
diatom communities to heavy metals , especially 
zinc, in streams in the Rocky Mountain region of 
Colorado , USA.As partoftheirstudy, theysampled 
a number of stations (between four and seven) on 
s皿 streams known to be polluted by heavy metals 
At each station, they recorded a range of physico 
chemical variables (pH, dissolved 0巧取n etc.), zinc 
concentration, and variables describing the 
diatom community (spe口es richness , species 
diversity 日， and proportion of diatom cells that 
were the early-successional species , Achanthes min 
utissima). On巳 of their analyses was to ignore 
streams and partition the 34 stations into four 
zinc-level categories: background (<20 I"g 1- 1, 

8 stations) , low (21-50μgl 飞 8 stations), medium 
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hypothesis that there are no differences in diatom 

species diversity between streams , again using sta­
tions as replicates. The f l111 analyses of these data 

are in Box 8.1. 

51-200 昭尸， 9 stations) , and high (>200μg 1- 1, 9 

stations) and test the null hypothesis that there 

were no differences in diatom species diversity 

between zinc-level grO l1pS , using stations as repli 

cates. We will also use these data to test the n l111 

Box 8.1 I Worked example: diatom communities in metal­

affected streams 

护1时ley&C险ments (1998) 日mpled a number of statlons (between four and se回n)

on six streams known to be polluted by heavy metals in the R田 ky Mountain 陀glon

of Colorado, USA. They recorded zinc conζentratlon， and species rich阳 ss a口 d

species diversity of the diatom community and proportion of diatom cells that were 
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The on竹 Ho to be rejected Is th且 of no difference in diatom diversity between 
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We could also analyze these data with more rot叫 n四hods， especially if we 

were conc町ned about underlying non-normality 町 outl肌 T0 test the Ho that 

there is no di他~rence in the locat旧 n ofthe distribut阳 ns of diatom diversrty between 



176 COMPARING GROUPS OR TREATMENTS 

Settlement ofinvertebrate larvae 
Keough & Raimondi (1995) were interested in the 
degree to which biofilms - films of diatoms , algal 
spores , bacteria, and other organic material -
that develop on hard surfaces influence the set­
tlement of invertebrate larvae. In an earlier 
paper, from southeastern Australia , Todd & 

Keough (1994) had manipulated these biofilms 
by covering experimental surfaces with 直ne

mesh that exc\uded most larvae , but allowed 
diatoms , etc., to pass throughτl1ese nets were 
then removed to allow invertebrates to settle 
Keough & Raimondi focused on the ability of 
larvae to respond to successional changes that 
occur in biofìlms , and, because the earlier proce 
dure was time-consuming, decided to test 
whether the films that developed in laboratorγ 
seawater systems had similar effects to those 
developing in the field. At the same time , they 
tested whether covering a surface with netting 
altered the biofilm (or at least its attractiveness 
to la凹ae) 咀ley used four expe口mental treat­
ments: substrata that had been conditioned in 
sterile seawater, surfaces immersed in laboratory 
aquaria , surfaces in laboratory aquaria , but with 
且ne mesh netting over the surface , and surfaces 
immersed in the fìeld , and covered with identi­
cal netting. After one week for biofilms to 
develop, the experimental surfaces (11 cm X 11 
cm pieces of Perspex (Plexiglas)) were placed in 
the field in a completely randomized array. They 
were left for one week, and then the newly 
settled invertebrates identified and counted. To 
control for small numbers of larvae passing 
through the netting during the conditioning 
period, they used an additional treatment , 

which was netted , and returned to the labora­
tory after one week and censusedτbe values of 
this treatment were used to adjust the numbers 
in the treatment that started in the field. The 
data for analysis then consisted of 币。ur treat­
ments: sterile , lab films with n旺， lab 且Ims

without net, and field films with net. We will use 
their data to test the null hypothesis that there 
are no differences in recruitment of one family 
of polychaete worms , the serpulids , and to spe­
cifìcally compare some combinations of treat­
ments. The analyses of these data are in Box 8.2 

and Box 8.4 

二

8, 1, I Types of predictor variables (factors) 
τbere are two types of categorical predictor vari_ 
ables in linear models.ηle most common type is 
a fixed factor, where all the levels of the factor (i.e 
all the groups or treatments) that are of interest 
are included in the analysis. We cannot extrap任
late our statistical conclusions beyond these spe 
口fic levels to other groups or treatments not in 
the study. If we repeated the study, we would 
usually use the same levels of the 自xed factor 
again. Linear models based on 自xed categorical 
predictorvariables (fixed factors) are termed fixed 
effec臼 models (or Model 1 ANOVAs). Fixed effect 
models are analogous to linear regression models 
where X is assumed to be 且xed.η1e other type of 
factor is a random factor, where we are only using 
a random selection of all the possible levels (or 
groups) ofthe factor and we usuallywish to make 
inferences about all the possible groups from our 
sample of groups. If we repeated the study, we 
would usually take another sample of groups 
from the population of possible groups. Linear 
models based on random categorical predictor 
variables (random factors) are termed random 
effects models (or Model 2 ANOVAs). Random 
e旺ects models are analogous to linear regression 
models where X is random (Model 11 regression; 
see Chapter 5) 

To illustrate the difference between these 
types of factors , the zinc-level groups created by 
Medley & Clements (1998) clearly represent a fixed 
factorτ'hese grou ps were spec监cally chosen to 
match the USA EPA chronic criteria values for zinc 
and any further study would defioitely use the 
same groupings. Any conclusions about differ 
ences in diatom communities between zinc levels 
are restricted to these speci自c groups. In contrast, 
we might consider the six streams used by Medley 
& Clements (1998) as a possible random sample 
仕om all metal-polluted streams in the southern 
Roc均 Mountain ecoregion ofColorado and hence 
treat streams as a random factor. A new study 
might choose a different sample of streams 仕0111

this region. Conclusions 仕Uffi our analysis could 
be extrapolated to all metal-polluted streams in 
this region. 

We argue that the random (or at least haphaz­
ard) nature ofthe selection ofgroups for a random 
factor is important for valid interpretation of 
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一

"Box 8.21 Worked example: serpulid recruitment onto 
I surfaces with different biofilms 

;i<eough & Raimondi (1995) set up an experiment to examine the response of ser 
飞ìJulid (polychaete worms) larvae to four types of biofllms on hard sub笠 rata In 
shallow manne v飞/aters. The four trea.tments were: sterile sυbstrata， biofllms devel­
'bped in the lab with a covering net lab biofìlms without a net, and biofrlms devel­
oped in the fleld with a net. The substrata were left for one week, and 甘 en the 
newly 咒忱怆d worm5 identifìed and counte 才 T0 control for 5门咀11 门 umbers ofla川ae

passing through the ne四ng du门ng the conditioni门g period , th町 used an add比旧nal

treatme时， which was netted. a们 d returned to the laborato叩 after 0们 e week and 
censused. The 咀lues of th巴 treatment were u吧 d to adjust the numbers in 由e

t陀atment that started in the 白eld

We have not shc叭 n the initial data screer 们 g stages, but the response variable 
was !og-transforrηed to im阳'ove skewed distribution5. The Ho was that there was 
no di忏erence between t陀atments in the mea门 log-t旧时formed number of serpulid 
陀cruits per substratum. The res 才 ual plot from the single 缸吐ormc 才 el 8.3 wrth log 
transformed numb臼'5 of serpulid 陀cruits reveale 才 a single OU甘 le仁 but ve叩 similar

spread of data betvveen groups, suggesting that the assumptions wer它 met. The sim 
ilarity of data ranges is probably a more 陀liable guide to the reliability of the 
ANOVA than the formal identifì 二 ation of outliers from boxplots, when there a阳
。 nly s酌 en observations per g阳 up

The 陀sults from the analysis of variance wer它 as follow5 

Source SS df 问5 F P 

0.241 3 0.080 6 日 )6 0 口 )3

0.321 24 0.013 
0.562 27 

We would reject the Ho of no difference between treatments in the log 
numbers ofserpulid recr山ts. In this particular example, however, V暗 are more mter~ 
e处:ed in the planned cont广asts between specifìc treatme门ts (Box 8.4) 

the subsequent analysis. Selecting speci且c levels 
of a factor and then calling the factor random 
simply to allow extrapolation to some popula­
tion of levels is inappropria阻， j ust as would be 
selecting a specific set of observations from a 
population and calling that set a random 
sample 

Our conc1usions for a fixed factor are 
restricted to those spec出c groups we used in the 
experiment or sampling program. For a random 
factor, we wish to draw conc1 usions about the 
population of groups from which we have ran­
domly chosen a subse t. Random factors in biology 
are often randomly chosen spatial units like sites 
or blocks. Time (e.g. months oryears) is also some 

times considered a random factor but it is much 
more difficult to envisage a sequence of months 
(or years) being a random sample 仕om a popula­
tion of times to which we would wish to extrapo­
late 

Althollgh the distinction between fixed and 
random factors does not affect the model fitting 
or ca1culations for subsequent hypothesis 田sts in 
a single factor model, the hypotheses being tested 
are fundamentally different for 自xed and random 
factors. \oVhen we consider more complex experi­
mental designs in later chapters , it will be clear 
that the distinction between 且xed and random 
factors can also affect the ca1culation of the 
h)币othesis tests. 
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8.1.2 Linear model for single factor 

analyses 
ηle linear effects model is 

Yij 二 μ+α， +ε"，阳8且.1

The details of the linear single fa泣ctor ANOVA 

m丑.1odeI. inc1uding estimation of its parameters 

and means , are provided in Box 8 .3 and Table 8.1 

OLS means and their standard errors are standard 

output from linear models routines in statistical 
software 

Linear effects model 

We introduced linear models in Chapters 5 and 6 

for regression analysis. The structure ofthe linear 

model when the predictor variable is categorical 

is similar to those models , although there are tv.ro 
types of models we can 缸 (Box 8.3). Consider a 

data set consisting ofp groups or treatments (i 二 1

10 p) and n replicates (j ~ 1 to n) within each group 

(Figure 8.1). From Medley & Clements (1998). p 
equals four zinc levels and n equals eight Qr nine 

stations. From Keough & Raimondi (1995). p 
equals four biofilm treatments and ηequals seven 

substrata 

From Medley & Clements (1998) 

(diatom species diversi守儿 =μ十

(effect ofzinc level)，十。

From Keough & Raimondi (1995): 

(110. of serpulids)ij ~μ十

(effect ofbiofilm type)，十勺

(8.2) 

(8.3) 

Box 8.31 Single factor ANOVA models, 
loverparameterization and estimable functions 

Consider a data set consisting of p grωps or 甘臼trnent5 (i ~ 1 to p) and n 陀pli­

cate5 (j二 1 to n) within each group (Fi旧ure 8.4) 
The linear effe吐s model is 

Y~ = μ+ 0;+飞

In this model 

Y1j 巴 the jth 陀plκa恒 observat旧 n of the respon咒 variable from the it门 group of 
la吐or A:

p is the overall population mean of the response variable (also tenned the 

con筑ant because 忧 15ζonstant for all observations); 

ifthe 臼ctor is fìxed , a; 巴 the effect 01 rrh group (the di忏erence between each 

group mean and the overall mean 叫功，

ifthe 也ctor is random, a; r廷presents a random variable with a mean of zero 

a刊d a variance ofσ.} ， measuring the variance in 门lean 旧lu巴 oíthe

陀sponse variable across all the possible 怡 els of the factor that could have 
been used; 

气I$ ra门dom or unexplained error associated with the jth replicate obse问 ation

from the 民 h group. These error terms are assumed to be normal竹

dist广b吐ed at each阳or le叫川th a m田n of zero (E(t) equals zero) and a 
variance ofσd , 

This model is 5廿u口urally similar to the simple linear regression model described in 

Chapter 5. The overall mean 陀places the intercept as the con5tant and the treat­

ment or group effect replaces the 510pe as a measure of the e仔ect of the predictor 

variable on the response variable. Li ke the regre5sion mode l. model 8.1 扣 as two 

components: the model (，μ+功 and the error (.~) 

We can fl比 a linear model to data where the predictor var可刨e is categorical in 

a form that 15 basically a multiple linear regre5sion model with an intercept. The 

(þfgrouP e忏ects will often be coded to compare with a 陀时le巳陀阳I旧1

;圣P卢 le捅而悔阳ect拙C目由tsw叫il阳11 be叩P阳陀阳s削e创I

SINGLE FACTOR (ONEWAY) DESIGNS 

‘主ch阳eck which ζ曰a恒go叩 your p阳『它仨n飞芭~d 50配wa陀 U山5e臼5 as 1山t包S 陀f也e陀 nce group when 

Uγf陀时ting a model of thi巴5t町.ype
The linear eff{旺t5 model is what statistician5 call "overparamete门zed" (5ea巾

,;,,1993) because the number of group means (p) is 国5 than the number of param 

~èters to be e由 mated (/-1, a ,...a,). Not all p旷amet旷s!nthee他cts model can 民

主stimated by OLS unless we impose some co阳traints because there 后 no unlque 

~SO 叫 on to the set of normal 呵uations (Searle 1993). The usual constraint, 50me 

甘mes called a sum-to-zero constra 门 t (Yandell 1997). a :l:-re5triction (5e矿le 1993)ι 

、ór a side c。时阳n 例axwell & Delaney 1990) , is that the sum of the group effects 

:eq旧15 zero, Î.e. ~巳! a; = O. This constraint IS not 阳门 cular!y prob!凹 atîcal for 

:,single factor desigl门旦 a忧hough similar const日ints for some multifactor designs 

~are controversial (Chapter 9). The sum-to-zero constraint 巳 not the only w町 of

:l1l1c叩 ng estimation of the overall mean and each of theσWe can al50 set one 

: of the paramete巧， eitherμoro门 e ofthe aλo zero (set-to-zero constrain1二Yandell

:..1997), although this approach is only really useful when one group 巴 dear片 a

; control or reference group (咒e also effects codir唱 for linear models in Chapter 

: 5) 
An alternative single factor ANOVA mc 把|βthe cell means model.民

simply 阻placesμ+ai with 叫 and thereíore uses group means instead of group 

e悔自 (differences between group rT时 eans and overall mean) for the model com­

ponent 

几=纠 +E~

The ce l! means model is no longer 0四rparamet巳-ized because the number 

01 阳"ameter飞 in the mode! component 巴 obviously the same as the number of 

group means 、 hile fìtting 5U 二 h a model makes little di他陀nce in the single factor 

case, ar 才 the basic ANOVA table and hypothesis tests will not cha门ge， the cell 

means model has some advantages in more cor扪 pl四 designs with unequal sample 

sizes or completely missing cells (Mill阳n & Johnsoη1984.5 巳 arle 1993; Chapter 9) 

Some 阳armod由拭目由 cians (Hc出 ng 1996. 5earle 1993) regard the sum 

to-zero cc 门式raint as an unnecessary compli日tion that limits the practical and ped 

agogical use of 廿 e effects model and can cause much confusion in mu!tifa吐。r

de5ign5 (Nelder & Lane 1995). The altern曲回 approach is to focus on 阳rameters

or functions of parameters that are estimable. Estimable functions are "those func 

t旧 ns of parameters which do not depend on the particular solution of the normal 

equations" 问时ell 1997, p. 111).A~hough 甜。f the a; are not estimable (at 回到p

not without const广aints)，归+σ，) is estimable for each group.lf we equate the e他cts

model with 廿 e cell means model 

η=μ+a， +E~ 二 μ'，+气
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~'ånd confldence Întervals for 叫 can 出川处M时 In t陆 u四al man阳出时 on

(the t distribution 
The e fTor terms (E~) from the linear model can be estimated by the residuals, 

whe陀 a陀sidual (e，) 巴 simply the difference between each obser飞 ed and predicted 

Y-value (Yij- 只). Note that the sum of the 陀siduals within each factor le四I equals 

zero (:Ej~ 1 e, ~ 0). The OLS 回imate of o} is the sample variance of these resi由­

als and 匹 terme 才 the Residual (or Error) Mean Square (Table 8.1); remember from 

Chapter 2 that a mean 呵ua陀 1$ Just a var 曰"们二e
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2.4 
Box 8.4 1 Worked example: planned comparisons of 

serpulid recruitment onto surfaces with different 

bi。而Ims

we can see that each estimable functio门。áα) 巴 equivalent to the appropriate 

cell mean (，μ') ， hence the emphasis that many 由1由眩目 place on the cellηeans 

model. In practice , it makes no difference for hypothesis testing whethe r- we frt the 

cell means or effects mode l. The F-r苗旧 statistic for testing the Ho that P 1 =μ 

=叫 μis identical to that 而orte由ng the Ho that all a , equal zero 

V咄 prefi巳由ee他cts model for most analyses of experimental designs because, 

glve 飞 the sum-to-zero constraints，比 allows estimation of the e忏ects of factors and 

their interactions (Chapter 9) , allows combinations of continuous and categorical 

variables (e.g. analyses of covariance, Chapter 12) and is similar in st八Jcture to the 

multiple lineal 陀gresslon mc 才 el. The basic features of the effects model for a singl巳

facto 卢 ANOVA are 5 门ìil盯 to those described for the linear regression model in 

Chap出r 5. In particular; we must make certain assumptions about the error terms 

(Ej) from the model an 才 these assumpt旧 ns equally apply to the response 咀na副e

LU 

ll 

L U 

2.3 

2.2 

2.1 

(
ω卫-
2巳
』@
ω
)。
。
」

The mean log number of serpulid 陀cruits for each of the four bio印mtr飞eatments

from Keough & Raimondi (1995) were (see also Figu陀 8.3) a5 创10"旦 2.0 

1.9 

1.8 

Sl 

Biofilm Treatmenl 

Un-netted 恼。」。

Log mean number of 
目叩u 才 recru阳

-圄 Plot of means and 
standard errors of log number of 
serpulid recruits for the four 
biofilm treatments used by Keough 
& Raimondi (1明5). F denotes the 
treatment with biofilms developing 
in the fìeld; NL, UL and SL indicates 
biofìlms developed under 
I ，b。同tory conditions, with NL and 
UL being substrata in laboratory 
aquaria with (叫 and without (叫
nets, and Sl substrata being 
immersed in sterile seawater. 

Nl F 
1.7 

Sterile lab (SL) Ne位.ed lab (NL) Field (句T陀atment

2. 136 

A series of 同anned ∞mparisons were done，目ch te由 ng a hypothesis about 

the natu陀 of the biofl巾ns. The contrasts were dc 们 e in sequence, with each com­

parison depending on the result of previous ones. 

First, Keough & Raimor 型( 1995) 回到ed 叭 lether the pr白凹 :e of a net over a 

surface affected r飞ecrurtme时， by comparing the netled an 才 un-netled laboratory 

t陀atments. The Ho 巴

1.939 2.185 2.117 

1. For each group (fact凹怆vel ， i) used in the desig门， the陀 is a population of 

γ'-values (吩 and error terms (Ey) with a probability distribut旧 n. For inte川al

estimation and hypothesis testinιwe assume that the population of Y~ and 

theref(町e Eij at each factor level 0) has a nc 叮ììal distribl此。n

2. The5e populat旧 ns of 川 and therefore 气 at each factor level are a阳me 才

to 卡 ave the same variance (，σ气 sometimes simoli日ed toσ2 when there is no 
飞

ambigui可). This is termed the homogene此y of variance assuηption and can be 

form创作目P陀 ssed as 0"12 =σf二 =衬= zo;2 

3. The Y~ and the Ei a陀 independent of, and therefore uncorrelated with, 

each other within each factor level an 才 across factor levels if the factor 巴 fìxed 0 1'; 

if the factor is random , once the 也ctor levels have been chosen (Neter et Q{. 

1996) 

J1NL =μ忱。广μNlμL儿 ~O

We use the latler expression to defìne the linear contrast equation 

Note that this contrast specifìcally 陀presents the Ho and we use coeffkients of zero 

toom陀 groups that are not part of the HσThis linear contrast can be used to cal­

culate the SS due to th巴 compansonτhe completeANOVA table below indicates 

that we wouldηot reject this Ho' 

Second, the laboratory and 白 eld fìlms we陀 compa陀d. Because the two kinds 

of laboratory-developed fìlms did not diff町明 can pool them皿 the H{) is 

Note 甘旧t the coeffìcients for the two lab tr召atments produce the average of those 

tvlo groups, which is contrasted to the fìeld treatment. The ANOVA table below 

indicates that 阶 e would not 1可ect this H旷

(+1 )9， +(-0.5万叫 + (O )9SL + (-O.5)9ûl or 

Lμ队此 +μL儿)/2~片时 ("Nl +ρ且)/2 μ.f~O 

(+ 2)9,+ (- I)YNL + (0)儿+ (-I)YUl 

(O)yF+(+I )yNL+(O万立 +(-I)y，儿

The linear contrast equ甜 on 巴

These assumpt旧 ns and their implications are exami门时 in more detail in 

Section 8.3 
Ther飞2 are three parameters to be estimated when 百 tting rT旧deI8.I:p， a , ar咀

σ}， the latte广 being the variance of the error te广ms， assumed to be constant across 

factor levels. Estim础。n of these parameters can 七 e based 0门 either OLS 01 问L

and when ce同aln assumpt旧时 hold (see SecU on 8.3), the estimates for μand a , a陀
由esame叫lereas the ML estimate ofσ6265i哩htly biased (5白 al50 Chapter 2). We 

will focus on OLS estimation, although ML 巴 Important f(白 estimation of some 

parameters when sample sizes differ between groups (Se巾n 8.2) 
The OLS estimates ofμ，同 and a , are presented in Table 8.1. Note the estimate 

of a; is simply the di悔rence between the estimates of叫 and μThe时DI飞 the pre 

dicted or 白忧ed values of the response variable 什'om our model are 

ý， ~y+ (y， -y) 二二只

50 any predicted Y-value is simply predicted by the sample mean for that factor 

level 

In pra口ice ， we tend 们 ot to wc 叩 too much about 白e est 汀 ates of μand ~ 

because we usually focus on estimates of group means and of differences or con­

怕也 between group means for fixec 也ctors (5ection 8.6) and components of var­

iance for random factors (5ection 8.2). 5ta门dard errors for these group means are 

s 
竹

问SRe泊阳!

n, 
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Finally, we compa陀 the whole set of sub式rata with biofìlms present, to the 
single , un刊med treatment. The Ho is: 

(μF 十μ'NL +μ'uy3~μ丸。 (μ'， +μ阻 +puY3 μ立 ~O

T卡 e linearζontrast equatlon IS 

(+ 1 )y, + (-0.33)9N[ + (-0.3 3)9，红+ (-0 .3 3)9u[ or 

(+ 3)ι+(一 1 )9" + (-I)ÿ，飞 +(-I )9uL

Now the coeffic眩目s fo广 the tr陀e lab t陀 atments represent the average of 
those three groups and is cont旧sted to the fìeld t陀 atrY旧 nt. We would reje吐白附
H 
。

Source 55 

巳'0日 Ims 0.241 
NL vs UL 0.008 
F ys average (NL & UL) 0.008 
SL vs ave同ge (F & NL & UL) 0.217 
Lineartn巳门d 0.079 

Residual 0.321 
Total 0.562 

di 

3 

24 
27 

问5

0.080 
0.008 
0.008 
0.217 
0.079 
0.013 

F P 

ó.OOf 。口口3

0.635 0.433 
0.644 0.423 

16.719 <0.001 
6.096 0.021 

Note that as long as the coeffkients 5um to zero (i.e. :S~=， nι~ 0) and repre 
sent the contrast of盯住rest， the size of the coeffiκients is Ir陀 levant e.g. in the fìrst 
example above , we cou 才 have used 1, - 1.0,0 or 0.5，一 0.5，0，0 or 100, - 100,0,0, the 
陀sul恒、 ould be identical. Note al50 that 由e咒 comparisons are orthogonal. For 
example , for the fìrst t\/IIO comparisons, we can use the forma! test of 0同hogonal­

即2:f~rc"c，2 ~ (0)(1) + (1)(-0.5) + (0)(0) + (一 1)( -0.5) ~ 0 - 0.5 + 0 + 0.5 ~ 0 
刮though Keoug丁& Raimondi did not ask this quest旧n， it could have been that 

the sterile water and the th陀e biofìlm t陀atment5 became monotonically richer as 
a cue for 5ettlement. If 50, a test for trend would 卡市e been appropr旧te ， with the 
fourtreatmen也 ranked SL. NL, UL, F and considered equ 主|忡 spaced. Using the infor­
mation in Ta七 e 8.8, the contrast equation 巴

(+ 3)9F + (-1 )YNL + (- 3)9，红十(+ I)YuL 

The r凹ults for this contrast are in the ANOVA table above and we would reject 

廿 e Ho and conclude that there 巴 a trend, although inspect旧n of the means (Figure 
8.3) suggests that the trend is influenced by the low se位lement of worms onto the 
unfrlmed (SL) t陀atment If we had decided to test for a quadratic t咱们 d， our coef.二

ficie门tswouldbeoftheform 1 -1 -1 I ， a的才， in the order in which ourtreatments 
are liste 才， the coefficients would be 1 - 1 1 - 1. Such a trenc 巴们 ot of much inter­
estr可re

SINGLE FACTOR (ONEWA:ηDESIGNS 

一

r Table 8.1 I Parameters , and削r OLS estim制， from a single factor linear model with example叫四la阳lS
illustrated for diatom species diversity in different zinc-level groups from Medley & Clements (1998) 

Parameter 

问

μ 

q=叫一μ

E 
V 

Estimate 

9，=喜均

主Yi

只 Y

e" 二 η Y，

Medley& C险ments (1998) 

Group mean (:+:SE) diversity: 
Backgroun 才 1.797 土。 165

Low 2.033 士。 165

Medium 
High 

1.718 土。 155

1.278 :+: 0.1 55 

Overall mean diversity: 1.694 

Background: 1 .797 - 1.694 = O. 1 03 
Low: 2m3 一 1.694 ~ 0 .339 
忖edium: 1.7 18 - 1.694 = 0.024 
Hlgh: 1.278 - 1.694 二 0.4 16

Background 
Obs 1: 2.270 - 1.797 = 0 .473 
Obs 2: 2.200 一 1.797 = 0.403 
Obs 3: 日90- 1.797=0.093 
Obs 4: 1.5 30 - 1.797 = -0.267 
etc. 

Z 
0' 

E 问5"，，;才"， =[(0.473)2 + (0.403)2 + (0.093)2 +. "]/[(8 + 8 + 9 + 9) 一句

主主(y， - 9,)2 

2:叫 P

In models 8.1 and 8.2 we have the fOllowing , 

Yij is thejth replicate observation from the 
ith group. e.g. the diatom species diversity in the 
jth station 丘。m the ith zinc-Ievel group. 

μis the overall population mean diatom 
species diversity across all possible stations from 
the four zinc-level groups. 

If the factor is fixed ， αis the effect of ith 
group (the dif:岳阳lCe between each grou p mean 
and the overall mean 的一川， e ,g. the effect of the 
ith zinc-level group on diatom species diversity, 

measured as the difference between the mean 

species diversity for the ith zinc level and the 
overall mean species diversity. If the factor is 
random，叫 represents a random variable with a 
mean of zero and a variance ofσ 气 e.g. the 

U 二 V

/斗\ /T'\ 
Y1(1) Y2(1) 均" Yl(J) Y2(1)月(!) = Yij 

General da臼 layout for single factor ANOVA 
where factor A has p (i= I to p) groups and there are n 

(j= I to n) replicates 

variance in the mean diatom species diversity 
per stream across all the possible streams in the 

southern Rocky Mountains that Medl可&
Clements (1998) could have used in their study. 

与 is random or unexplained error 
associated with thejth replicate observation 
from the ith group. For example , this measures 
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T.ble 8.21 ANOVA table fo口吨le factor linear rnodel 由owi二gp川tioning ofvariatio 

Source of 55 

Between groups 主n，(9，一月2
i=1 

p η 

Re到dual 2: 2: (Yu ~ 9,)' 
.=1 j=1 

Total 辛辛(川 y)'

the error associated 飞.vith each replicate 
observation of diatom species diversity at any 
possible station within any ofthe four zinc 
levels. 

For interval estimation and tests of hypothe­
ses about model parameters , we must make 
certain assumptions about the error terms (εJ 
丘om model 8.1 and these assumptions also apply 
to the response variable. First, the population of 
Y, and there岛re Bij at each factor level (i) has a 
normal distribution. We assume that there is a 
population of stations with normally distributed 
diatom species diversity 岛r each zinc level. 
Second, these populations of Yij and thereforeεu 
at each factor level are assumed to have the samé 
variance (lTf:2, sometimes simplified to a 2 when 
there is no ambiguity). We assume the variances 
in diatom species diversi守 among stations 岛E

each zinc level are equal. Finally, the y" and the 
匀 are independent of, and therefore' uncorre­
lated with. each other within each factor level 
and across f;注ctor levels if the factor is fixed or, if 
the factor is random, once the factor levels have 
been chosen (Neter et al. 1996). In the study of 
Medley & Clements (1998), some stations were on 
the same stream so what happens upstream 
might influence what happens downstream , an 
issue of concern for all stream ecologists (see 
Downes et a l. 2001). We will examine these 
assumptions and their implications in more 
detail in Section 8.3. 

df M5 

土问(9， ~ 9)' 
p~1 

p~1 

;二nj-p
辛辛(月 9，)'

n 

Zηi-Þ 

主「|
i=1 

Predicted values and residuals 
The Y-values predicted from the linear model are 
simply the sample means for the factor level 
containing the observed value 

Yij=Yi (8 .4) 

The effor terms (匀) from the linear model can be 
estimated by the residuals , where each residual 
(e ,) is the difference between the obse凹'ed and the 
predicted Y.value 

eij~Yij~Y; (8.5) 

For example, the residuals 仕om the model relat. 
ing diatom species diversityto zinc-level group are 
the differences between the observed species 
diversity at each station and the mean species 
diversity 岛r the zinc level that station came 仕om
As in regression analysis , residuals provide the 
basis of the OLS estimate of (兀2 and they are valu­
able diagnostic tools for checking assumptions 
and fit of our model (Section 8.4) 

8.1.3 Analysis of variance 
As described in Chapters 5 and 6 for regression 
models , ANOVA partitions the total variation in 
the response variable into its components or 
sources. This partitioning of variation is 
expressed in the form of an ANOVA table σ'able 
8.2). We 且rst describe the variation in Y as Sllms 
of squares (SS) 回e SSTO t.a1 for Y is the sum of 
the sqllared dif:岳rences between each Y ij and the 
overall mean Yη1e degrees of freedom (df) is the 

安叫、T口v 古。pA国…d如a血均eEumhEgm叫M…1dlmM伊z矶山h皿田皿山7m叫i臼uc画时aU阻tMu崎dEMm州bEsmuXdm姐ME胁…回必IMM 由句撞E ya 

SdSiHGmerup eE nEcXe pblaeitnws e none ofthe vadadon in Y(I10 
en group means). In (b), there is no 

residual variation and SSGroup, explains all the 
variation in Y 

Ca) Zinc level B L 问 H 
0.8 0.7 1.8 2.6 
0.9 1.7 2. 1 0.6 
2.4 1.0 0.6 1.2 
1.4 1.4 1.1 1.3 
1.3 1.2 2.4 2.2 
1.8 2.4 1.2 0.9 
2.1 1.1 0.9 1.9 
1.0 2.2 1.6 1.0 

Means 1 .4625 1.4625 1.4625 1.4625 

(b) Zinιlevel B L 问 H 
1.2 2.3 1.8 0.7 
1.2 2.3 1.8 0.7 
1.2 2.3 1.8 0.7 
1.2 2.3 1.8 0.7 
1.2 2.3 1.8 0 .7 
1.2 2.3 1.8 0.7 
1.2 2.3 1.8 0.7 
1.2 2.3 1.8 0.7 

Means 1.2 2.3 1.8 0.7 

total number of observations across all groups 
minus one. SS ... ~__， can be partitioned into two addi­Total -~~~ - - r 
tIve components. 

First is the variation due to the difference 
between group means , ca1culated as the differ­
ence between eachYi and the overall meany. This 
is a measure ofhow dif1公rent the group means are 
and how much of the total variation in Y is 
explained by the di旺erence between groups, or ln 
an experimental context, the effect of the treat 
mentsτhe df associated with the variation 
between group means is the number of groups 
mlll11S one 

Second is the 飞rariation due to the difference 
between the observations within each group , cal 
cula ted as the di证是rence between each Y ij and 
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relevant group mean Yr This is a measure ofhow 
different the observations are within each group. 
summed across groups , and also how much of the 
total variation in Y is not explained by the differ. 
ence between groups or treatments. The df asso­
ciated with the SSo... is the number of Residual 
obse凹ations in each group n1inus one , summed 
across groups , which is equal to the sum of the 
sample sizes minus the number of groups 

These SS and df are addi口ve:

SS....... ~ SS".~..~. + SS l'otal ~~Groups 

df 二 df 十 dfotal ~~Grot1 Ps ~~Residual 

As pointed out in Chapter 5, the sum•of-squares 
(SS) is a measure ofvariation that is dependent on 
the number of observations that contribute to it 
In contrast to the SS , thevariance (mean square) is 
a measure ofvariability that does not depend on 
sample size because it is an average ofthe squared 
deviations (Chapter 2). We convert the SS into 
Mean Squares (MS) by dividing them by their df 
(Table 8.2) 

A detai!ed description of the algebra behind 
this partitioning of the variation can be found 
in Underwood (1997). Note that there are re. 
expressions of the formulae in Table 8.2 that are 
much easier to use when doing the ca1culations 
by hand (Sokal & Rohlf 1995. Underwood 1981. 
1997). In practice, however, statistical software 
will calclllate the SS and MS by fitting and compar. 
ing linear models (Section 8.1 .5) 

The best way to appreciate the variation 
between groups and the residual varìation is to 
look at two extreme imaginary data sets , based on 
species diversity of stream diatoms at dif:也rent
zinc levels (Medley & Clements 1998). The data in 
Table 8.3(a) show a situation in which all the vari. 
ation is between observations within each group 
(residual) with no variation between groups (iden. 
tical group means). ln contrast. the data in Table 
8.3(b) are where all the variation is between 
groups wÎth no residual variation (a11 ob自由a.

tions within each group are identical) 
The mean squares from the ANOVA are sample 

variances and. as such , they estimate population 
parameters. Statisticians have determined the 
巳xpected values of MSGroups and MSResidual' termed 
expected mean squares (EM匀Ï.e. the means 
of the probability distributions of these sample 
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overall species diversity across all stations.η1e 
residual variation when the full model is :fitted is 
the 55 仕om the ANOVA in Table 8.2 η四Residual 
residual variation when the reduced model is 
fitted is the 55..... from the ANOVA inτ'able 8.2. Total 
τhe diffo居rence between the unexplained variation 
of the full model (55""dU") and the unexplained 
variation from the reduced model (SSTotal) is 
simply the SSGroups' It measures how much more of 
the va口ation in Y is explained by the full model 
compared to the reduced model. It is, therefore , 

the relative magnitude ofthe MSGroups that we use 
to evaluate the Ho that there are no group effects 
Although comparing full and reduced models is 
t 口vial for a single factor ANOVA. the model com­
parison approach has broad applicability for 
testing null hypotheses about particular parame. 
ters in more complex linear and generalized 
linear models 

8.1.6 Unequal sample sizes (unbalanced 
designs) 

Unequal sample sizes within each group do not 
cause any computational difficulti凹， particularly 
wh巳n the ANOVA is considered as a generallinear 
model as we have described. However, unequal 
sample sizes can cause other problems. First, the 
different group means will be estimated with dif. 
ferent levels of precision and this can make inter­
pretation dif且cult (Underwood 1997). Note that 
sample size is only one contributor to the preci­
sion of an estimate and some statisticians have 
suggested that experiments should be designed 
with dif岳rent sample sizes depending on the 
inherent variability ofthe variable in each group 
or the relative importance of each group (Mead 
1988). 5econd , the ANOVA F test is much less 
robust to violations of assumptions , particularly 
homogeneity of variances, if sample sizes differ 
(Section 8.3). The worst case is when larger vari­
ances are asso口ated with smaller sample sizes 
τhis is a very important reason to design experi­
ments and sampling programs with equal sample 
sizes where possibleτ'hird， estimation of group 
effects , particularly variance componen臼， lS 

much more difficu1t (see 5ection 8.2). Finally, 

power calculations for random effects models are 
difficult because whenσ~ 2 is grea ter than zero and 
sample sizes are unequal, then the F-ratio 

our sample F-ratio or one more extreme (the usual 
hypothesis testing logic; see Chapter 匀 is less 
than some speci且ed signi且cance level (e.g. 0.05) 
and therefore whether we r句 ect Ho or not 

If the Ho for a random factor is true, then σ叫. 2 左f2 

equals zero (no added variance due to groups) and 

b恤ot由hM5乌G叫
rati四o should be one. 1旺fthe Ho is f岛=剖lse， then σαwill 
be greater than zero , MSGroups will have a larger 
expected val ue than M5Re臼 dual and their F-ratio will 
be greater than one. 

These F-ratio tests (usually abbreviated to F 
tests) of null hypotheses for 且xed and random 
factors are illustrated for our worked examples in 
Box 8.1 and Box 8.2. The construction of the tests 
of null hypotheses is identical for 且xed and 
random factors in the single f注ctor ANOVA model. 
but these null hypotheses have very dif在rent

interpretations. The Ho for the fixed f:注ctor re且ers
only to the groups used in the study whereas the 
Ho for the random factor refers to all the possible 
groups that could have been used. It should also 
be clear now why the assumption of equal within 
group variances is so important. Ifσ'1 2 does not 
equalσ"-2 2 ， etc. , then MSResidual does not estimate a 
single population variance (σ'82 ) ， and we cannot 
construct a reliable F-ratio for testing the Ho ofno 
group effects 

一

COMIl民阳NG GROUPS OR TREATMENTS 186 

~ 
l二日t旧

MSGroU1泊
问SR臼划ual

一各l
Ra们才 om factor (Model 2) 

， j(号n，)'
各(p- 1) 

If equalη 对+门σ:

2 
0" , 

Table 8.4 1 E耻cted mea叫uares for a s吨le factor ANOVA 

lfeouahdht>(Gy)2
ETTP| 

Fixed factor (问odel 1) 

气'+主nlp;

2 
0" , 

问5~'-'roups 

ι叫
户
、d

M门

50uπe 

This is a measure of the effect of the 仕h group, or 
ln an experimental context, the ith treatment 
The null hypothesis can therefore also be 
expressed as no effects of groups or treatments , 

i.e. all treatment or group effects equal zero: 

K:α=α ...=a. 。O' -1 -2 '"'"i -... - V 

For a random effects ANOVA , the null hypothesis 
is that the variance between all possible grollps 
equals zero: 

8. 1.5 Comparing ANOVA models 
The logic of firting ANOVA models is the same as 
described in Chapters 5 and 6 for linear regression 
models. Either OL5 or ML can be used , the fit being 
determined by explained variance or log-likeli­
hoods respectively. We will use OL5 in this 
chapter. 

The f1.l11 effects model containing all parame­
ters is: 

Hoσf=o 

刀leEM5仕om our ANOVA table (Table 8.4) allow us 
todete口nine F-ratios for testing these nul1 hypoth 
eses. 

If the Ho for a fixed factor is true, a l1 ct, equal 
zero (no group e他cts). 丁nerefore， both M5~ 
and MSResîdual estimate 时 and their ratio…;13 
be one. The ratio of two variances (or mean 
squares) is called an F.ratio (Chapter 2). Ifthe Ho is 
false , then at least one α" will be difi岳rent from 
zero. Therefore, MSGroups has a larger expected 
value than MSReSidual and their F-ratio will be 
greater than one. A central F distribution is a prob 
ability distribution of the 乒ratio when the two 
sample variances come仕um populations with the 
same expected values. There are dif也rent central 
F distributions depending on the df of the two 
sample variances (see Figure 1.2). Therefore, we 
can use the appropriate probability distribution 
of F (defined by numerator and denomina tor df) to 
determine whether the probability of obtaining 

variances or what population values these mean 
squares actually estimate (Table 8.4; see 
Underwood 1997 for a clear, biologically orien­
tated , explanation) 

The MSResidual estimatesσ/， the pooled popula­
tion variance of the error terrr凹， and hence of the 
Y-values. within groups. Note that we must 
assume homogeneity of error variances across 
groups (homogeneity of variances assumption; 
see 5ections 8.1.2 and 8.3) for this expectation to 
hold 

τbe MSGroups estimates the pooled variance of 
the error terms across groups plllS a component 
representing the squared e任社cts of the chosen 
groups if the factor is fixed , or the variance 
between all possible groups ifthe factor is random 
(Table 8.4). Note that these EM5 are subject 归 the
lmportant constraint that Lf'=产i equals zero, i.e 
the sum ofthe group e丘ects equals zero. Without 
this constraint，飞ve cannot get unbiased estima­
tors of individual treatment ef1坦白白ox 8.3; 
Underwood 1997, Winer et al. 1991) 

Yij =μ+α1十 Bij

The reduced model when Ho that a l1 αi equal 
zero IS true IS 

YiJ= μ+εg 

Model 8.6 simply states that if there are no group 
effects , our best prediction for each observatìon ìs 
the overall mean , e.g. ifthere are no e丘ects ofzinc 
level on diatom species diversity, then our best 
predictor ofspecies diversity at each station is the 

(8.1) 

(8.6) 

8.1 .4 Null hypotheses 
The null hypothesis test，巳d in a single f:画ctor fixed 
effects ANOVA is usually one of no difference 
between group means 

Ho: μμ2μμ 

We defined group eft苍白 (α，) in 5ection 8.1.2 and 
Box 8.3 as 问-μ， the difference between the pop­
ulation mean of group i and the overall mean 
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MSGMpslMSRtSMual does nothlIowanFdlstnbuuon 
(Searle et a1. 1992). For testing null hypotheses 
with fixed effec臼， unequal sample sizes are only 
reallya worry ifthe analysis produces a resu1t that 
is c10se to 吐le criticallevel; you wi I1 not be confi. 
dent enough that the Pvalue is accurate 岛ryou to 
be comfortable interpreting the result of your 
analysis. If, however, the result is far from signifi­
cant, or highly significant 怡.g. P < 0.001) , you may 
still be confident in your conclusions 

One soIution to unequal sample sizes in single 
factor de 吨ns is d由创eleti吨I
groups have the sa 口1e η V飞叭Te regard this practice as 
unn口lne配ce臼ss阻a口l悖y extreme: the linear models 
approach can deal with unequal sample sizes and 
biological studies often suffer from lack of power 
and deleting observations wi l1 exacerbate the sit 
uatìon. particularly if one group has a much lower 
sample size than others. Alternatively, we can sulr 
stltute group ll1eans to replace missing observa 
tions. 1n such circumstances, the df

D
,.",,,.._, should 
民坦妇dual

be reduced by the number ofsubstituted obse凹&
tions (Chapter 4). However, ifthere is no evidence 
that the assumption ofhomogenei可 ofvariance is 
seriously compromised , and the difference in 
sample sizes is not large (which is usually the case 
as unequal sample sizes a四 often caused by one or 
two obse凹ations going missing), then we recom­
mend simply fitting the linear ANOVA model 
Nonetheless , we support the recommendation of 
Underwood (1997) that experimental and sam­
p1ing programs in biology with unequal sample 
sizes should be avoided , at least by design. 

8.2 I Factor e仔ects

1n linear regression , we could measure the 
"effect" ofthe predictor variable on the response 
variable in a number of飞.vays ， including the stan 
dardized regression slope or the proportion of 
variatìon in Y explained by the linear regression 
with X (e.g. r'). These are measures of effect size 
(the "effects" of X on η， although linear regres­
sion models are often 且tted to non-experimental 
data so we are not implyτng any cause-effect rela­
tìonship. 1n designs where the predictor variable 
IS categorical, measuring effect size is of much 
more interest. One measure ofgroup or treatment 
effects is the variance associated with the groups 

二

over and above the residual varianceτhe propor. 
tion of total variance in the population(sl 
explained by耻 groups then can be expres时二
(Smith 1982): 

q 、

η2= Uy~二Ei-J立-
σ俨 σ}+σα2

where σ/ is the residual variance， σfIS thevan­
ance explained by the groups and σ"/ is the total 
variance in the response variable. Our airn, then , 

IS to estimate the parameter η'. Petraitis (19981 
termed indices likeη2 PEV (proportion of 
explained variance) lTIeaSures. One measure ofηZ 
is r', de且ned here, as for linear regression models 
(Chapters 5 and 码. as the proportion of the total 
SS explained by the predictor variable (groups ), 
i.e ， SSG叫邓 I SSTotal' Unfortunately, r2 is dependent 
on the sample size in each group and also tends to 
overestimate the true proportion of the total vari­
ance explained by group effects (Maxwell & 

Delan句r 1990) 飞^1e need to consider other PEV 
measures , noting that their ca1culation and inter. 
pretation depend on whether we are talkin 2: 

about fìxed or random factors 

8.2.1 Random effects: variance 
components 

Let's first look at random effects models because 
they are straightforward, at least when sample 
sizes are equa1. 1n the random effects model , there 
are two components of va口ance (termed "vari. 
ance components") ofinterest (Table 8.5). The true 
variance between replicate obse凹'atìons within 
each group , averaged across groups , is σ._2 and is 
estimated by MSResidual' The true variance between 
the means ofa11 the possible groups we could have 
used in our study isσJand IS termed the added 
vanance component due to groups. We can esti. 
mate this added variance explained by groups by 

equatmg the obse凹ed and expected values of the 
mean squares (Bro明1 & Mostell町 1991， Searle et 
a!. 1992: see Table 8.4 and Table 8.5)η1Ìs method 
of estimating variance components is termed the 
ANOVA or expected mean square (EMS) method 
(also method ofmoments). There are no distribu 
tional assumptions underlying these point esti 
mates unless con且dence intervals are developed 
or nu11 hypotheses tested 

Con直dence intervals can be calculated for 
these variance components (Table 8.5; Brown & 
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Table 8.5 I ANOVA estimates of variance components and confidence intervals for a single factor random effects 
model. For 95% confidence intervals, we use crüÎCal values ofthe X 2 and F distributions at 0.975 for upper 

,> confidence intervals and 0.025 for lower confidence interva1s (covers 阻nge ofO.95) 

(8.7) 

Variance component ANOVA estimate 

o} Unequal n 

巴坠且二旦E坠国
(~n，- ~叫2

Equal n 

问5击皿二旦出国
n 

2 
σ , MS 

Residu副

14 
一

σ

!
一

σ

生
I
T

-2 -4 
一
一

p Equal 川

MSGroups 问SR时明l

问 SGro~阴+ (门← 1 ) MS""，山， 1

Contìdence inte川al

Approxim卧e for equal n only: 

+5SGrO'JPs( I - Fp-I.p(n-I)Iη 

η~d- ， 

whe陀

F 巴 F-ratio from ANOVA 

is value from F distribution with p-I ,p(n-I) 
þ - 1 and p(n 一 1) df 

x2 巴 value from X' distrib叫ion with p - 1 df 

+空坠国
一 2

X 

where 
x2 is value from X2 distribution with 

去， -þ df 

Equal n: 

FIFh_' "(n_11 - I + I IIp_I .þ(n_l) 

n 一卡 FIF. 一 | I.p{口 1)

where 
F and F_ . _,_ "as defin臼d above p-I.p(n-I) 

Mosteller 1991, Burdick & Graybill 1992, Sear1e et 
al. 1992). The confidence intervals are based on the 
x' distribution, or equivalently the F distribution 
M叫咱 = dhF <<.df1,cJ. because variances are distrilr 
uted as a chi-square. For 95% confidence intervals , 

we use critical values ofthe x- or F distribution at 
0.975 岛r upper confidence intervals and 0.0125 
for lower con自dence intervals (covers range of 
0.95) 古lese confidence intervals are interpreted 
as a 95% probabi日ty under repeated sampling that 
this interval includes the true population vari­
ance explained by the groups. Note that the confi­
dence inte凹al for a} is only an approximation 
(Searle et a1. 1992), although exact confidence 
intervals can be determined for various ratios of 
σ2 to σ2 and σz 十 σ2. With unbalanced data , a 
αEαz 

confidence interval for σ"' based on the ANOVA 
method is not possible , although approximations 

are again available but tedious to ca1culate 
(Burdick & Graybill1992 , Searle et al. 1992) 

Note that sometim凹， MSc __.._. will be less than Groups 
MSResidual (and the F-ratio will be less than one) , 

resulting in a negative estimate for σ'}. This is a 
problem, because variances obviously cannot be 
negative , by definition. The usual recommenda 
tion is to convert a negative variance component 
estimate to zero (Brown & Mosteller 1991) 
Hocking (1993) and Searle et a1. (1992) argued that 
negative variance components suggest an inap 
propriate model has been applied or there may be 
serious outliers in the data and therefore that 
negative variance components might be a useful 
diagnostic tool 

An alternative approach is to use a method of 
variance component estimation that specifically 
excludes negative estimates (Searle et al. 1992)τ11is 
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is particularly important in multifactor unbal­
anced designs (Chapter 9; See also Underwood 
1997)τbese aIternatives include the following 

• Maximum Iikelihood estimation (MLE) that 
involves deriving ML equations and their itera 
tive solutions, although the 臼tlmators are 
biased (remember from Chapter 2 that ML esti­
mators for variances are biased). 

• Restricted maximum likelihood estimation 
(REML) that is a modi直cation of MLE tha t 
excludesμ(the only fixed parameter in the 
random effects model) from the likelihood 
function , part1y to correct the bias in ML esti­
mates 

• Minimum nOrm quadratic unbiased estima-
tion (MINQUE) , a method that requires solving 
linear equations and a priori "guesses" of the 
components to be used in the estimation pro­
ceC1 ure 

REML produces the same estimates as the 
ANOVA method forσ"a 2 in balanced desüms 
whereas the ML estimate will be sl喀h句 b山二d
Both ML and REML also preclude negative 飞lan­
ance estimates 岛rσ/. However, in contrast to the 
ANOVA method , Iikelihood methods must assume 
normality 岛r point estimates and all methods 
assume normality for interval estimates and 
hypothesis testing. Searle et al. (1992) summarized 
the merits of the different methods for unbal­
anced data in the single factor model and recom­
mended REML for estimating the added variance 
components due to groups (σ-.') and the ANOVA 
method for estifilating the residual variance (σ') 

Ideally, e山nated variance compoIlei­
should be provided with confidence intervals. It 
might be tempting for biologists working with 
few df to talk about an "important" factor effect 
based on a large estimated variance component 
despite a non-significant F statistic and P value 
However, the confidence interval associated with 
the variance component is 1ikely to include zero 
under such cÎI"Cußlstances. Interpretation of飞ran
ance components should only follow a rejection of 
the Ho of no added variance 

To ca1clllate the proportion of total variance 
due to the random factor, we simply substitute 
OUr estImators into σα'/(σZ+σ 斗， which is SOfile­
t iInes calIed the intraclass correlation (ρJ 

8.2 , 2 Fixed effects 

Now let's look at PEV measures for fixed factor飞
which盯 mo叫时le曰ema阳I.In rr口rr阳I
e臼俭尧:ects are d副IS叩play'归'ed most simply using the means 
岛r each group , but we may be interested in 
describing or estimating the pattern of effects 
across all groups. For a 且xed factor, the effect of 
anygroup is 吨， the difference between that group 
mean and the overalI meanμtμand we can cal­
culate the variance of these group ef岳cts
[2:;':， α'//(p -1)1 , This measures the true variance 
among the fixed population group means in the 
specifìc populations 仕om which we have sampled 
Brown & Mosteller (1991) pointed out that it is 
somewhat arbitrary whether we llse p or p -1 in 
the denominator for this variance. although since 
we have used the entire population of groups (a 
且xed factor) , d由ividi吨I

ma句lya配ct阳ua赳lt妙Iy be more approp口a胆 I町fwe use p -1, 

th曰e e臼stimηlat，恒e of t由hi臼5 var口lance is id由en旧lt1ca叫1 t归o the 
e臼stlm口1a胆 of the added va盯r口lance c∞omponent 岛ra
random eft险主C口t("σTa由ble 8.5), aIthough its interpreta 
tion is diff居rent

Petraitis (1998) has discussed the Iimitations of 
trying to ca1culate the proportion of total vari 
ance in the response variable that is explained by 
the fixed groups. One approach (see Hays 1994) is 
ternled omega squared (w2) and is the variance of 
the fìxed group means (using p in the denomilla­
tor) as a proportion ofthis variance plus the resid­
ual variance (τ'able 8.6). Ifwe base the estimate of 
",' in Table 8.6 with p -1 instead of p in the 
aenomlnator, we end up with the proportion of 
total variance due to a random factor (the intra­
class correlatiOI叶. So the main computational dif­
ference between the PEV based on ",' (fixed factor) 
or 向 (random factor) is whether p or p -1 is used 
in the denominator for the variance between 
groups 

Another measure of group effects for a fixed 
factor was provided by Cohen (1988), based on his 
work on power analyses. He defined effect size (f) 
as the difference among means measured in units 
of the standard deviation between 呵licjes
w恤m groups (Table 8丘 see also 阻rk 1995). The 
formula looks complex but is basicalIy measurin2 
耻 ratio of阳 standard deviation betwee吨ro斗
means and the standard deviation between repli 
cates within each group (Cohen 1992) , In this 

二

ASSUMPTIONS 191 

Formula 
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context, we are measurÎng the efj岳ct in the 
obselVed data. Cohen's effect size is more com 
monly used to set effect sizes , based on the a1ter­
native hypothesis , in power ca1culations (Section 
8.9 , Box 8.5). Note that w' equals!'I(1 十川(Petraitis

1998) 
Glass & Hakstian (1969) , Underwood & 

Petraitis (1993) and Underwood (1997) have criti 
cized measures of variance explained for 直xed

factors. They argued that the population "va口­
阻四"of a set offixed groups makes no sense and 
this measure cannot be compared to the average 
population variance between observations within 
grollps. whìch is a true variance (see also Smith 
1982). For instance. confìdence intervals around 
estimates of explained between groups variance 
are silly for fixed factors because the sampling dis­
tribution would always be based on the same 且xed
groups. A1凹， these measures ofproportion ofvar­
iance explained by 且xed groups are difficult to 
compare between diff是rent analyses. However. 
like Smith (1982), we recommend that PEV 
measures are use且11 descriptive sllmmaries of 
explained variance for 直xed factor ANOVA 
models , and recommend that using the method 
of equating mean sqllares to their expected values 
provides the simplest measure that is conlputa­
tionally equivalent to the variance component for 
a randolll effects model. We will discuss the issue 
of measuring explained varianc巳 for 且xed and 
random factors in the context of fl1111tifactor 
ANOVA (Chapter 9) 

It is important to realize that the interpreta­
tion of a fixed treatment variance and an added 

3 
一 (0.856 - 0.217) 
34 

0.509 
0.217 

variance component for a random factor is very 
di他rent (Underwood 1997)τhe former is an esti­
mate of the variance between these partic111ar 
group means in the spec温c population(s) being 
sampled. It is not an estimate of a va口ance of a 
larger population of grollps. In contrast. the vari­
ance component for a random factor estimates 
the variance between the means of all the pos­
sible groups that could have been used in the 
analysis; this variance is dlle to the random 
sample of groups chosen and represents a real var­
lance 

8.3 I Assumptions 

The assumptions for interval estimation and 
hypothesis testing based on the single factor 
ANOVA model actua l1y concern the residual or 
error terms (1'\) but can be eqllivalently expressed 
in terms of the response variable Y. These assulllp' 
tions are similar to those 面or linear regression 
models (Chapters 5 and 6) , Most textbooks state 
that the single factor ANOVA is robust to these 
assumptions , i.e. the F test and interval estimates 
of effects are reliable even if the assumptions are 
not met. However, this robustness is very dif:且cult
to quant1命 and is also veηdependent on bal­
anced sample sizes. The F test can become very 
unreliable when unequal sample sizes are com. 
bined with non-normal data with heterogeneous 
variances. We strongly recommend that the 
assumptions of the ANOVA be carefully checked 
before proceeding with the analysis 
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8.3.1 Normality 

Box 8.51 Variation in formal implementations of power 
analysis 

The 产e are two possible sources for confusion when calculating powe仁日广吭， e叮ect

sizes can be ex[:陀 ssed differentl严 In 50me cases, the effect is descri七 ed as the 
pa仗ern of means , or; in the case of fìxe 才 effects， the a , value旦 Other autho内， e.g 
Cohen (1988), combine the variatîon among means and an estimate of σ;， to 
prc 才 uce a standardized e忏e吐

For example, for a tWQ sample t test, Cohen￥ effect 引ze parameter is 
d~(.ρ1- J.I.J Iσ> and for a one factor ANOVA, h巴 pa日met田 f， is given by 

f二

which can then be e由mated from the a; values specifìed by the alternative hypoth 
esis, and aηestimate of residual varia口 ce

In a 5 门时 ar way, the no门 centrality paramete广巴 most often expressed as t1, as 
defl内ed in Equation 8.9. Howeve r; Searle (1971) de白们 es the non-ce门trality pa日m

eter as /l尼， and sometimes non-centt仁的 is defìned as "\1，1/伊 1) , or as 
~~飞/(，.J/p) ， Wlth p being 廿 e nu门ìber of groups 

If power is to be calculated using tabulated values, we 白nd that most authors 
provide power values tabulated against ({J (e.g. Kirk 1995, Winer et 01. /991) , 

although Cohen (1坷的 provides veγextensive tables of power against f an 才 n

Note that f~ <pIVn This reflects a di阳怪rence in philosophy, w陀h the use of 伊陀p
resentlng a stan由叶Îzatio门 using the standard error of the mean, a们 d fa 5臼ndard

Izatlon uSlng 0二
These diffe陀nt fo口nulations are mathematically equivalent. but it 巴 confusing

initial作 to encounter di他rent defìnitions of osten引 bly the same pa日meter. It is 
essential that you check the form叫出on 出edbyapa时四lar aL巾。 r or piece of 50ft 
ware. A good check is to use a standarc! example from one of the major 恒xts，缸子d

run it through the new calculation♀ When the same answe广 is obtained, begin your 
own calculat旧时

We assume that the error terms , and the observa 
tions , within each group come from normally dis 
tributed populations , i.e. the 勺s are normally 
distributed within each group. If salnple sizes and 
variances are similar, then the ANOVA tests are 
very robust to this assumption. Check for outliers , 

skewness and bimodality. We can check the nor­
mality assumption in a nllmber of ways because 
we have replicate obse凹ations within each group 
(Chapter 4). Boxplots of observations or residuals 
(Section 8,4) within groups should be symmetri. 
cal. Means and variances 企'Qm a normal distribu­
tion are independent so a plot of sample means 

against sample variances should show no relation 
ship. Samples from skewed distributions will 
showa positive relationship be t\.veen means and 
variances. Probabili可 plots of the residuals are 
also informative (Chapter 4). There are some 
formal tests ofnormality (e.g. the Wilks & Shapiro 
tests; goodness-oι且t tests such as Kolmogorov 
Smirnov) , but we 且nd graphical methods much 
more informative for checking assunlptions 
before a linear models analysis (Chap田r 剑，

Because lack of normality is really only a 
serious problem for ANOVA models when it 
results in variance heterogeneity, we will consider 
solutions in Section 8.3 .2. 

8.3 .2 Variance homogeneity 
A ve巧， important assumption is that the vari­
ances of the error terms (and of the observations 
in the populations being sampled) should be 
approximately equal in each group. This is 
termed the assumption of homogeneity of vari­
ancesτhis is a more serious assumption than 
that of normality; unequal variances can seri­
ously affect the ANOVA F test (reviewed by 
Coombs et al. 1996). Wilcox et al. (1986) showed by 
simulation that with four groups and n equal to 
eleven , a 4:1 ratio of largest to smallest standard 
deviation (i.e. a 16:1 ratio ofvariances) resulted in 
a Type 1 error rate ofO.109 for a nominalαofO.05. 
With sample sizes of six, ten , 16 and 40 and the 
same standard deviation ratio (Iargest standard 
deviation associated with smallest sample size) , 

the Type 1 error rate could reach 0.275.τhe situa­
tion is similar to that described for t tests in 
Chapter 3, where larger variances associated with 
smaller sample sizes reslllt in increased Type 1 
error rates and larger variances associated with 
larger sample sizes result in reduced power 
(Coombs et al. 1996). Unequal variances , particu. 
larly when associated with unequal sample siz凹，
can therefore be a problem for hypothesis tests in 
linear ANOVA model5. 
白lere are a number of useful checks of the 

homogeneity ofvariance assumption. Boxplots of 
observations within each group should have 
similar spreadτ11e spread of residuals (see 
Section 8.4) should be similar when plotted 
against group means. There are formal tests of 
homogenei月1 ofvariance that test the Ho that pop­
ulation variances are the same across groups (e.g 
Bartlett's , Hart1ey's , Cochran's , Levene's tests; see 
Neter et al. 1996, Sokal & Rohlf 1995 , Under飞Nood

1997). We will discuss these in Section 8.8 when 
the research hypothesis of interest concerns 
group variances rather than group means. 
However, we suggest that such tests should not be 
used by themselves as preliminary checks before 
fitting an ANOVA model for three reasons. First, 
some of them are very sensitive to non-normality, 

especially positive skewness (Conover et a1. 1981, 

Rivest 1986), a common trait of continuous biolog 
ical variables. Second , we really want to know if 
the variances are similar enough for the ANOVA F 
test to still be reliable. Tests for homogeneity of 

ASSUMPTIONS 

variance simply test whether sample groups come 
from populations with equal variances. If the 
sample size is large , these tests could reject the Ho 
of equal variances when the ANOVA F test would 
still be reliable. Conversely, and more impor­
tantly, if sample sizes are small , they might not 
reject the Ho of equal variances when the ANOVA 
F test would be in trouble. Finally, tests of homo. 
geneity ofvariances provide little infonnation on 
the underlying cause ofheterogeneous variances , 

and diagnostic techniques (e.g. re5idual plots) are 
still required to decide what corrective action is 
appropriate. 

There are a number of solutions to variance 
heterogeneity when 且tting ANOVA models. lf the 
heterogeneity is related to an underlying posi 
tively skewed distribution of the response vari 
able , and hence the error terms from the ANOVA 
model , then transformations of the response var 
iable will be particulariy useful (see Chapter 4). 
Alternatively, fitting generalized linear models 
that allow different distributions for model error 
terms (Chapter 13) can be effective for linear 
models with categorical predictors. Weighted 
least squares , as described for linear regression 
models in Chapter 5, can also be used and various 
robust test statistics have been developed for 
testing hypotheses about means when variances 
are unequal (see Section 8.5 .1) 

8.3 .3 Independence 
币le error terms and the obse凹ations should be 
independent, i.e. each experimental or sampling 
unit is independent of each other experimental 
unit, both within and behveen groups. 
Underwood (1997) has provided a detailed exam. 
ination of this assumption in the context of 
ANOVA in biology, He distinguishε址 different

types of non.independence (5ee also Kenny & Judd 
1986). 

• Positive correlation between replicates within 
groups. which results in an underestimation of 
the true σ2 and increased rate ofTvoe 1 errors. 
Such correlation can be due , for example, to 
experimental organisms responding positively 
to each other (Underwood 1997) or sequential 
recording of四perimental units through time 
(Edwards 1993). 
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residual 
lots for single factor ANOVA with 

three groups and n equ血 (our: (a) 
similar variances, (b) variance 
increasing with mean, suggesting 
positively skewed distribution 

lIiIlI!IilII国... Diagrammatic 
川

O 

O 

Yuen-We1ch test). Other tests 
inc1ude the Brown-Forsythe 
test and James second order 
me也od (see review by Coombs 
et a1. 1996). 咀lese tests gener­

ally have less power than the standard ANOVA F 
test and are relatively complicated to ca1culate 
Wi1cox (1993) described the Z test , which is an 
extension ofhis H test (Chapter 3) for two groups: 
it is based onM-estimators and bootstrap methods 
to determine critical values. Coombs et al. (1996) 
recommended this test for unequal variances and 
non-normal distributions and the James second­
order method for normal distributions. These 
tests are not yet available in most statistical 50ft­
ware. Our preference is to examine outlying 
values and , if appropriate , apply a sensible trans­
formation of the data. This encourages research­
ers to explore their data and think carefullyabout 
the scale of measurement. Alternatively, if the 
underlying distribution of the observations and 
the residuals is known , and hence why a transfor­
mation might be effective, generalized linear 
modeling (GLM) can be applied (Chapter 13) 

O 

O 

8.5.2 Rank-based ("non-parametric") tests 
For non-normal dist口butions (but similar vari 
ances), methods based on ranks (Chapter 3) might 
be used 咀lere are t:vvo broad types of rank-based 
tests for comparing more than two groups. First is 
the Kruskal-Wallis test , which is a rank-random 
ization test and an extension of the Mann 
Whitney-Wilcoxon test desc口bed in Cha pter 3 for 
comparing two groups. It tests the Ho that there is 
no difference in the location ofthe distributions 
between groups or treatments and is based on 
ranking the pooled data , determining the rank 
sums within each group and calculating the H sta­
t1stlC由at follows a x' distribution with (p -1) df 
(Hollander & Wolfe 1999 , Sokal & Rohlf 1995) 
Although the Kruskal-Wallis test is non­
parametric in the sense that it does not assume 

O 

O 
O 

O 
O 

O 

O 

Group mean 

We have already pointed out that the F test in a 
single factor ANOVA is sensitive to large differ 
ences in within group variances, especially when 
sample sizes are unequal. This has led to the devel 
opment of a number of alternative tests for diffeI产
ences between groups that are more robust to 
either heterogeneity of variances or outliers or 
both. We won't present formulae for these tests 
because, except for the rank versions, the compu­
tations are reasonably tedious and we fi凯lre biol­
ogists are unlikely to use these tests until they 
appear in statistical software τ'hese robust tests 
fall into three categories. 

8.5.1 Tests with heterogeneous variances 
A number of procedures have been developed for 
testing equality of group means (and specific com­
parisons; Section 8.6) when variances are very dif­
ferent (Wilcox 1987a, 1993). One of the earliest 
was Welch's test (Day & Quinn 1989, Wilcox 1993), 

which uses adjusted degrees of仕eedom to protect 
against increased Type 1 errors under variance 
heterogeneity. Wilcox (1997) described a modifica­
tion of Welch's test that ext巳nds Yuen's use of 
trimmed means to more than two groups (the 

8 
8 O 

O 

the outlier(s) included (Chapter 4).lfthere is little 
d他rence between the t:vvo analyses , it suggests 
thatth巳 outlier(s) are not influential. ln the worst 
case, the outlier(s) may change the resultbetween 
significant and non-significant.τhere is not much 
that you can do in this case, other than to describe 
both results , and discuss biological explanations 
for the outliers. 
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applied to models with both continuous and cate 
gorical predictors (Ware & Liang 1996). Finally, 

measuring and testing hypotheses about spatial 
pa位:erns ， especially when we anticipate that sam­
pling units closer together will be more corre­
lated , are more suited to the fields of spatial 
statistics and geostatisti臼 (see Koenig 1999, Manly 
2001 and Rossi et al. 1992 岛r ecological perspec­
tives). 

Table 8.71 Residu由 from single factor ANOVA 
model 

Yij-'斗

ηYi Residual 

问5阳dLJal(叫 1)

ni 

Studentized 陀sidual

The predictor variable (factor) in a single factor 
ANOVA model is categorical , so the range of avail­
able diagnostics to check the fit ofthe model and 
warn about influential observations is limited 
compared with linear regression models (Chapter 
5). Leverage ("outliers" in the 元variable) has no 
useful meaning for a categorical predictor and 
Cook's Dj is also hard to interpret, partly because 
it is based on leverage. However, residuals ar喧 still

a crucial part of checking any linear model (Boλ 
8.1 and Box 8.2 , Table 8.7). Studentized residuals , 

the residual divided by its standard deviation 
(Neter et al. 1996), are usually easier for compari 
son between different models because they have 
constant variance (fable 8.7). Plots of residuals or 
studentized residuals against predicted values 
(group means) are the most informative diagnos 
tic tools for ANOVA models. The residuals should 
show equal spread across groups , indicating vari 
ance homogeneity. Increasing spread ofresiduals 
(a wedge shape) suggests a skewed (non-normal) 
distribution ofY in each group and unequal vari­
a口ces (Figure 8.5). These residual plots can also 
indicate autocorrelation , just as in regression 
analysis (Chapter 5) 

Outliers can either be observations very differ­
ent 仕om the rest in a sample (Chapter 4) or obser. 
vations with a large residual that are a long way 
丘。m the fitted model compared with other obser­
vations (Chapter 5). Outliers will usually have 
undue influence on estimates of group e丘ects (or 
variances) and the conclusions from the ANOVA F 
test. Such observations should always be checked 
If they are not a mistake and cannot be corrected 
or deleted. then one solution is to 且t the ANOVA 
model twice , with the outlier(s) omitted and with 

8 .4 I ANOVA diagnostics 

Lack of independence can also occur between 
groups if the response of experimental units in 
one treatment group influences the response in 
other groups. For example , an experimental treat­
ment that results in animals leaving experimen 
tal units may increase abundances on nearby 
controls. Additionally, if time is the grouping 
factor and the data are repeated observations on 
the same experimental or sampling units , then 
there 、Nill often be positive correlations between 
observations through time 

τrus assumption must usually be considered at 
the design stage. Note that 飞It!e are not argumg 
由at non-independent obse凹'ations preclude sta 
tistical analysis. However, if standard linear 
models are to be used , it is important to ensure 
that experimental units are independent of each 
other, both within and between groups 
Randomization at various stages of the design 
process can help provide independence , but can't 
guarantee it. For some specific designs , hypothesis 
tests for linear models can be adjusted conserva­
tively to correct for increasing 巧rpe 1 error rates 
resulting 仕om positive autocorrelations 
(Chapters 10 and 11), and these tests fall in the 
general category of unified mixed linear models 
(Laird & Ware 1982). Alternatively, the lack ofinde­
pendence (e.g. spatial correlations) can be incor­
porated into the design and the modeling 
(Legendre 1993 , Ver Hoef & Cressie 1993) 
Generalized estimating equations (GEEs: see 
Chapter 13), as dεveloped for handling correlated 
observations in regression models, may also be 
useful for ANOVA models because they can be 

• Negative correlation bet:vveen replicates within 
groups, which results in an overestimation of 
σ2 and increased rate ofTvoe 11 errors 
" 
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that the underlying distribution is normal , it does 
aS5ume that the shapes of the distributions are 
the same in the difl岳rent groups (the only possible 
difference being Qne of location , as tested in the 
Ho)' This implies that variances should be similar 
(Hollander & Wolfe 1999). Therefore, the Kruskal 
Wallis test is not a recommended solution for 
testing under unequal variances. Ho飞.vever， 1 t IS a 
use且11 approach for dealing with outliers that 
do not represent ffiQre general variance hetero­
geneltyηle Kruskal-Wallis test is sometimes 
described as a "non-parametric ANOVA" but this is 
a little misleading; there is no partitioning ofvar­
iance and the Ho does not test means unless the 
distributions are symmetric 

ln the rank transform (RT) method, we trans­
form the data to ranks and then fit a parametric 
ANOVA model to the ranked data (Conover & 

Iman , 1981). This really is an 飞nalysis ofvariance" 
because the RT approach can be viewed as just an 
extreme form of transformation resulting in an 
ANOVA on rank-transformed data. It turns out 
that, for a single factor design , an RT F test will 
produce the same result as the Kruskal-Wallis test 
(Neter et al. 1996), but it is a more general proc岳
dure and can potentially be used for complex 
ANOVAs (Chapter 9). The RT approach also does 
not deal wi th unequal va口ances; if the variances 
are unequal on the raw scale, the ranks may also 
have unequal variances. We would also need to 
conduct the usual model-checking diagnostics on 
the ranked data 

8.5 , 3 Randomization tests 
叭1e can also use a randomization test to test the Ho 
of no difference between groups (Crowley 1992 , 

Edgington 1995, Manly 1997; Chapter 刮刀le pro­
cedure randomly allocates observations (or even 
residuals) to groups (keeping the same sample 
sizes) many times to produce the distribution of a 
test stat1st1c 怡 .g. F-ratio or SSGroups or MSGroups; see 
Manly 1997) under the Ho of no group effects. If 
出is Ho is true , we would expect that all random­
ized a11ocations of observations to groups are 
equally likely. We simply compare our observed 
statistic to the randomized distribution ofthe sta 
tistic to determine the probability of getting our 
observed statistic, or one more extreme, by 
chance. Manly (1997) indicated , based on simula 

tions , that randomization of observations and 
residuals produced similar results. Hu、、lever， such 
a randomization test to compare group means 
may not be robust against unequal variances , as 
Crowley (1992) and Manly (1997) have both 
pointed out that the Ho can be rejected because of 
different variances without any differences 
between the means. 'While the conclusions from a 
randomization test also cannot easily b巳 extrapo

lated to a population ofinterest, in contrast to the 
traditional approaches , randomization tests don't 
rely on random sampling from populations and 
therefore wi11 be useful when random sampling is 
not possible (Ludbrook & Dudley 1998) 

8.6 I Specifìc comp~~isons of mean 

飞Tery few aspects of applied statistics have created 
as much discussion and controversy as multiple 
comparisons , particularly comparisons of group 
means as part of川OVAs (see reviews by Day & 

Quinn 1989, Hancock &阻ockars 1996, Hochberg 
& Tamhane 1987). W.己 discussed the issues related 
to multiple significance testing in Chapter 3 
Much of the debate and development of tech­
niques for dealing with this problem have arisen 
in the context of multiple compariSons of group 
means following ANOVA models. Two issues are of 
particular importance. The first is the general 
multiple testing problem and increased rate of 
Type 1 errors (Chapter 3). For example , ifwe have 
且ve groups in our design, we would need ten pair­
wise tests to compare a11 groups with each other 
The probability of at least one Type 1 error among 
the family often tests , if each test is conducted at 
αequals 0.05 and the comparisons are indepen­
dent ofeach other, is 0.40 (Table 3.1). Much ofthe 
discussion about specific group contrasts in 
ANOVl气 models has focused on the need to correct 
for this increase in family-wise Type 1 error ra tes 
and the best methods to achieve this correction 

The second issue is independence (the statisti­
cal -term is orthogonali呐。f the contrasts. FOI 
example, say we have three groups with equal 
sample sizes and our sample mean for group A is 
greater than that for group B with group C having 
the smallest mean. If our pairwise tests reject the 
null hypotheses that group A and B have equal 

population means and that group B and C have 
equal population means , then the contrast of 
groUPS A and C is redundant. We know that the 
mean for group A is significantly greater than the 
mean for group C without needing to do the test 
Ensuring a set of contrasts is independent (orthog­
onal) is important for two reasons. First, indepen­
dent contrasts are straigh凶orward to interpret 
because the information each contains is inde­
pendent. Second，吐le family-wise Type 1 error rate 
can be easily calculated if necessary, using 
Equation 3 ,9; the family-wise Type 1 e口or rate 
cannot be easily calculated 岛r non-independent 
contrasts. 

As discussed in Chapter 3, traditional adjust­
ments to significance levels to correctfor multiple 
testing are very severe , restricting the family-wise 
Type 1 error rate to the same level as the compa口­
son-wise level for each comparison (e.g. 0.05). It 
seems strange to us that we are willing to al10cate 
a significance level of 0.05 岛r individual compar­
isons but as soon as we consider a family of com­
parisons , we constrain the probability of at least 
one 巧pe 1 error to the same level (0.05). The cost 
of this very tight control of fam句-wise Type 1 
error is that our individual comparisons have 
decreasing power as the number of comparisons 
in our family increases 

Our broad recommendation is that the default 
position should be no adjustment for multiple 
testing if the tests represent clearly defined and 
separate hypotheses (Chapter 匀。The exception IS 
when we are scanning a11 possible comparisons ln 
an exploratory manner where the aim is to detect 
slgm且cant results from all possible tests that 
could be carried out on a data set. Under these 
circumstances, we agree with Stewart-Oaten 
(1995) that some protection against increasmg 
τ'ype 1 error rates should be considered and , when 
comparing all possible group means in an ANOVA 
design , the procedures outlined in Section 8.6.2 
should be adopted. However, we also urge biolo­
gists not to be constrained to the convention of 
0.05 as a significance level. A sensible balance 
between power and τ'ype 1 error rate in sltuatlOns 
where adjustments are made 击。r multiple testing 
can also be achieved by setting family-wise Type 1 
error rates at levl巳ls above 0.05 

SPECIFIC COMPARISON OF MEANS 

8,6.1 Planned comparisons or contrasts 
τhese are interesting and logical compansons 
(of田n termed contras臼) of groups or combina 
tions of groups , each comparison commonly 
using a single df. τhey are usually planned as part 
of the analysis strategy before the data are exam­
ined , i.e. the choice of contrasts is best not deter­
mined from inspection of the data (Day & Quinn 
1989, Ramsey 1993 , Sokal & Rohlf 1996). Many 
texts recommend that planned contrasts should 
be independent of each other, where the compari­
sons should contain independent or uncorrelated 
m茧ormation and represent a non咀'verlapping par­
titioning of the SS"H_.._H' The number of indepen 。 Groups' ~..- _._..._-- ~- ---~-r 

dent comparisons cannot be more than the dfgr，叫S

(p一 1). This means that the outcome of one com­
parison should not intluence the outcome of 
another (see Maxwell & Delaney 1990 for exam­
ples) and the family-wise Type 1 error rate can be 
easily calculated (Chapter 3). Even the question of 
orthogonali可 is not without differences of 
opinion among statisticians, and some argue that 
the set of planned comparisons need not be 
orthogonal (e.g. Winer et a1. 1991), and that it is 
more important to test all of the hypotheses of 
interest than to be constrained to an orthogonal 
set. We agree with Toothaker (1993) that orthogo­
nali句T has been given too much emphasis in dis­
cussions of group comparisons with ANOVA 
models , especial1yin terms of error rates, and that 
it is more important to keep the number of con­
trasts small than worrying about their orthogo 
nality. 

τhere is some consensus in the literature that 
each planned contrast, especially when they are 
orthogonal, can be tested at the chosen compari­
son-wise significance level (e.g. equals 0.0日， and 
no control over familywise Type 1 error rate IS nec­
essary (Day & Quinn 1989, Kirk 1995, Sokal & Rohlf 
1995). We agree , although we place much less 
emphasis on the need for orthogonality. The argu­
ments in favour of not adjusting signl直cance
levels are that the number of comparisons is small 
so the increase in family-wise Type 1 error ratew i11 
also be smal1 and each comparison is of spec诅c
interest so power considerations are particularly 
important. Another argument is that contrasts 
represent independent hypotheses , so there is no 
multiple testing involvedτ'his approach is not 
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universally supported. For example, Ramsey 
(1993) argued that the family-wise error rate 
should be controlled in any multiple testing situ 
atlO口， although the power of individual tests in 
complex ANOVAs with numerous hypotheses 
(main effects and interactions) surely would be 
unacceptable with this st田tegy. Additionally, 

some statisticians have argued that adjustment is 
necessary only when non-orthogonal contrasts 
are inc1uded and Keppel (1991) proposed adjust­
ing the significance level of only those compari­
sons that are not orthogonal- see Todd & Keough 
(1994) for an example ofthis approach. 

111e Ho being tested is usually ofthe formμ'A 
向 (e.g. the mean of group A equals the mean of 
group B). The hypotheses can be more compli­
cated , such as (I-'A +μ~)f2 ~ I-'c (e.g. the average of 
the means of group A and group B equals the 
mean of group C); note that this comparison wil\ 

still have one df because there are only two 
"groups" , one being formed from a combination 
of two others. For example, Newman (1994) exam­
ined the effects of changing food levels on size 
and age at metamorphosis of tadpoles of a desert 
frog. He used small plastic containers as the 
experimental units, each with a single tadpole 
There were four tr四tments: low food (one吨uarter

ration , n equals 5 containers), medium food (half­
ration , n equals 8) , high 币。od (且111 ration , n equals 
6), and food decreasing from high to 10w during 
the experiment (n equals 7). 5ingle factor ANOVAs 
were used to test for no dif岳rences between the 
four treatments on size and age at metamorpho­
sis. In addition to the overall effect of 且ood level, 
Newman (1994) was particularly interested in the 
hypothesis that a deteriorating growth environ­
ment changes timing of metamorphosis com­
pared to a constant good environment so he 
in c1 uded a single planned contrast: decreasing 
food vs constan t high food 

Another example is 仕om Marshall & Keough 
(1994) , who examined the effects of increasing 
intraspecific densities of two size c1asses (large 
and small) ofthe intertidallimpetαHana tramoser­
ica on mortali可 and biomass of large limpets 
There were seven treatments (one large limpet per 
experimental enc1osure , two large. three large , 

four large , One large and ten smal1, one large and 
20 small, one large and 30 sma11), four replicate 

enc10sures for each treatment and a single factor 
ANOVAwas used to test for treatment effectsτ'hey 
included three speci且c con trasts to test for the 
e旺ects of smalllimpets on large limpets: ten small 
vs ten small and one large. ten small vs ten smal1 
and two large. ten small vs ten small and three 
large. 

In our worked example. Keough & Raimondi 
(1995) used three specific contrasts to identifY 
effects of different kinds ofbiofilms on sett1ement 
ofserpulid worms: lab netted vs lab un-netted , then , 

with a non-significant result, the average ofthe two 
lab films were compared to 且eld bio且lms. and , 

finally, ifthese did notdiffer, the average ofa11 three 
filmed treatments were compared to the substrata 
that had been in sterile seawater (Box 8.4) 

There are two ways of doing these planned 
comparisons , partitioning the between groups SS 
or using two group t tests 

Partitioning 55 
The SSGroup军 can be partitioned into the contribu­
tion due to each comvarison , Each SS.....~____:___ will y~~~~""'H ， ~~~~~ ~~Comparison 

have one df (we are only comparing two means or 
two combinations of means) and , therefore , the 

SSCom归lison equals the MSComp;lrison' The Hü asso­
ciated with each comparison is tested with an 
katlONScompamJMSR叫ual)' This approach is 
simplyan 四tension of the partitioning of the 
variation that formed the basis ofthe ANOVAand 
is illustrated in Box 8.4 

We need to define a linear combination of the 
p means representing the specific contrast of 
mterest 

CS'l +, .. + cJ'j+" .etc. (8.8) 

where cj are coefficients，三江1ηt乌 equals zero (this 
ensures a valid contrast) and Yi are treatment or 
group meansτhe details for working out these 
linear contrasts are provided for the worked 
example ITom Keough & Raimondi (1995) ill Box 
8.4. Note that the absolute values of the coeffi­
cients are not relevant as long as the coefficients 
sum to zero and represent the contrast of interest 
We prefer to use in tegers 自or simplicity. We can 
also define orthogonality in terms of coefficients 
Two comparisons, A and B, are independent 
(orthogonal) if2:j:1CiACjß equals zero , i.e. the sum of 
the products oftheir coef且cients equals zero. lt is 

often not intuitively obvious whether two COnl­
parisons are orthogonal, and the only way to be 
sure is to do these cal口llations. If comparisons are 
orthol(onal , then the Sum of the 55~. .... will 

。 Comparison

not exceed SS.....__..__. lf comvarisons are not orthoQ'-Groups' ~~ _~~~~y~"'h'''''.U'' ........ ..........L VL LUV5 

onal , then sum of SScomparîsoJl can exceed available 
SSGroup焰， indicatingwe are using the same informa­
tion in more than one comparison 

ttest 
A t test can be used to compare groups A and B 
with the modi直cation t11at 

(11 
+7)MS…1 nA 

is used as the standard error of the comparison 
咀lis standard error makes use of the better esti-
mate ofresidual variance from the ANOVA (ifthe 
assllmption of homogeneity of variance holds) 
and has more df than the usual t test which would 
just use the data from the two groups being com­
pared 

Partitioning the 55 and t test are functional1y 
equivalent; theF-ratio 、.vi1l equal t' and thePvalues 
wi\l be identical. Both approaches can handle 
unequal sample sizes and the t test approach can 
be 咐usted for unequal variances (Chapter 3). We 
prefer the former because it is a natural extension 
oftheANOVA and the results are easy to present as 
part of the ANOVA table. Note that a significant 
ANOVA F test is not necessary before doing 
planned comparisons. Indeed , the ANOVA might 
only be done to provide the MSResidual 

8.6, 2 Unplanned pairwise comparisons 
Now we will consider multiple testing situations, 
and spec迫cally multiple comparisons of means , 
where control of family-wise 巧pe 1 error rate 
might be warranted τbere are two broad 
approaches to adjusting signi且cance levels for 
multiple testing. The 且rst is to use spec国c tests , 
often based on the F or q distributions. A mOre 
general method, which can be used for any family 
tests, is to adjust the P values (Chapter 3) 

Unplanned pairwise comparisons , as the name 
suggests , compare all possible pairs of group 
means (i.e. each group to every other group) in a 
post hoc exploratory fashion to find out which 

5PECIFIC CO问PARISON OF MEANS I 

groups are different after a significant ANOVA F 
test. These multiple comparisons are c1early not 
indep四dent (there are more than p -1 compari­
sons) , there are usually 10ts of them and they 
involve data snooping (searching for significant 
results , or picking winners (Day & Quinn 1989), 
from a large collection oftests). There seems to be 
a much stronger argument that, in these circum 
stances , some control of family-wiseτ'ype 1 error 
rate is warranted.τbe usual recommendation is 
that the significance level (α) for each test is 
r飞~duced so the family-wise Type 1 error rate stays 
at that chosen (e.g. 0.05) 

Underwood (1997) has argued that there has 
been too much focus on ηpe 1 error rates at the 
expense of power considerations in multiple com­
parisons. We agree , although controlling 臼mily­
wise error rates to a known maximum is 
important. We do not support increasing power of 
individual comparisons by using procedures that 
allow a higher, but unknown , rate ofType 1 errors 
llnder some circumstances (e.g. SNK or Duncan's 
tests - see below). To increase power when doing 
all pairwise comparisons , we would prefer using a 
multiple comparison procedure that has a known 
upper limit to its family-wise error rate and then 
setting that rate (significance level) above 0.05 

Th.ere are many unplanned multiple compari 
son tests available and these are of two broad 
types. Simllltaneous tests , such as Tukey's test, use 
the value of the test statistic based on the total 
number of groups in the analys凹， irrespective of 
how many means are between any two being com. 
pared. These simultaneolls tests also permit 
simultaneous confidence intervals on differences 
between means. Stepwise tests use dif:位rent
values of the test statistic for comparisons of 
means c10ser together and are generally more 
powerful, although their control of the family 
wise Type 1 error rate is not always strict. Both 
可pes of test can handle unequal sample sizes , 
llsing minor modi自由tions ， e.g. harmonic means 
of sample sizes. Day and Quinn (1989) and Kirk 
(1995) provide detailed evaluation and formulae 
but brief comments are inc1uded below. 

Tukey's H5D test 
A simple and reliable multiple comparison is 
Tukey's (honestly sign踊cant differenced , or H5D) 
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test , which compares each group mean with every 
other grou p mean in a pairwise manner and coo­
trols the fam句-wise Type 1 error ra te 归 no more 
than the nominallevel (ε吕 0.05). Tukey's HSD test 
is based on the studentized range statistic (q) , 

which is a statistic used 岛r multiple signi且.cance
testing across a number of means. Its sampling 
distribution is defined by the number of means in 
the range being compared (i足 the number of 
means between the two being compared after the 
means are arranged in order of magnitude) and 
the dfRcsidUal" The q distribution is programmed 
into most statistical software and critical values 
can be 币bund in many textbooks 

We illustrate the logic ofTukey's HSD test as an 
example of an unplanned multiple comparison 
test (s巳'e also Day & Quinn 1989 and Hays 1994 岳or

clear descriptions): 

• As we did for planned comparisons using a t 
test, ca1culate the standard effor for the 
difference between two means 仕om

(11 +)凡a
ηAηB 

Using the harmonic mean of the sample sizes 
is sometimes called the Tukey-Kramer 
modification (Day & Quinn 1989) and reduces 
to 11n for equal sample sizes 

• Determine appropriate value of (q) from the q 
distribution at the chosen signifìcance level 
(岛r family-wise Type 1 error rate) , using 
dL '-__, and the number ofmeans bein2" Residual -~~- L~~_ ~~-~~~--~ ~~ ~~~--~~~ ~-~~~O 

compared (i.e. the number of groups , a). 

• Calculate the HSD (honestly significant 
difference , sometimes termed the nlinimum 
slgnl且cant difference, MS口; Day & Quinn , 

1989). The HSD is simply q times the standard 
error and is the smallest difference between 
two means that can be declared significant at 
the chosen family-wise significance level. 

• Compare the observed di岱rence between two 
sample means to the HSD. lf the observed 
diff甘ence is larger, then we reject the Ho that 
the respective population means are equal 
Repeat this for all pairs of means 

• Presenting the results of multiple comparisons 
is not straightforward because the number of 
tests can be large. Two common approaches 

are to join those means not signi且cantly
different with an underline (e.g 生11<巳Jl)or
to indicate groups not signi且cantly different 
仕om each other with the same subscript or 
superscript in tables or figures. 

Fisher's Protected Least Signi且cant Difference 
test (LSD test) 

This test is based on pair飞.vise t tests usìng pooled 
within groups variance (MSRe划dual) for th巳 standard
error, as described for planned comparisons 
(Section 8.6.1) and applied only if the original 
ANOVA F test is significant (hence "protected ") 
However, it does not control family啊ise Type 1 
error rate unless the true pattern among a11 
groups is that there are no dif岳rences. It is not 
recomm臼lded for large numbers of unplanned 
comparisons (Day & Quinn 1989). 

Duncan's Multiple Range test 
This stepwise test based on the q statistic for cor口­
paring all pairs ofmeans was historically popular. 
However, it does not control the family-wise Type 
1 ertor rate at a known level (nor was it ever 
designed to!) and is not recommended 也r

unplanned pairwise comparisons 

Student-Neuman-Kenls (SN罔 test

This test is very popular, particul盯ly with ecolo 
gists , because of the influence of Underwood's 
(1981) important review of ANOVA methods. lt is a 
relatively power臼1 stepwise test based on the q sta­
tistic , like the closely related Duncan's test, it can 
fail to control the 也mily-wise Type 1 error rate to a 
known level under some circumstances when there 
are more than three means (specificallywhen there 
are four or more means and the true pattern is t:\vo 
or more different groups of two or more equal 
means). Aithough Underwood (1997) argued that 
the SNK test might actually be a good compromise 
betweenTyp巳 1 error and per comparison power, we 
prefer other tests (Tukey's , Ryan、 Peritz'吗 because

they provide known control of family-wise Type 1 
error. Underwood (1997) pro甘ded formulae and a 
worked example ofthe SNK test 

Ryan's test 
τ'his is one ofthe most powerful stepwise multiple 
comparison procedures that provides control over 

the family-wise Type 1 error rate and is often 
referred to as the Ryan , Einot, Gabriel and Welsch 
(REGW) procedure. lt can be used with either the 
q or theF-ratio statistic and it is the recommended 
multiple comparison test if so仕ware is available, 

but it is a little tedious to do by hand 

peri阻's test 
咀lÎs is basically an SNK test that switches to a 
REGW-type test in situations where the SNK 
cannot control Type 1 error, so it is a combined 
SNK and Ryan's test. It is probably too complicated 
for routine use. 

Scheffe's test 
This is a very conservative test, based on the F-ratio 
statistic. designed for testing comparisons 
suggested by the data. lt is not restricted to pair­
wise comparisons , in contrast to Tukey's test, but 
is not very efficient for comparing all p刮目 of 
means. 

Dunnett's test 
τhis is a modified t test designed speci白cally for 
comparing each group to a control group. Under 
this scenario , there are fewer comparisons than 
when comparing all pairs of group means , so 
Dunnett's test is more powerful than other multi 
ple comparison tests in this situation 

Robust pairwise multiple comparisons 
Like the ANOVA F test, the multiple comparison 
tests described above assume normality and. more 
importantly, homogeneity of variances. Pairwise 
multiple comparison procedures based on ranks 
of the observations are available (Day & Quinn 
1989) and there are also tests that are robust to 
unequal variances , inc1uding Dunnett's T3 , 

Dunnett's C and Games-Howell tests (Day & 

Quinn 1989，阻rk 1995). They are best used in con­
junction with robust ANOVA methods described 
in Section 8.5. 

Tests based on adjusting Pvalues 
Multiple comparisons of group means are simply 
examples ofmultiple testing and there岛re anyof 
the P value adjustment methods described in 
Chapter 3 can be applied to either t or F tests (or 
the robust procedures) used to compare specifìc 
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groups. Sequential Bonferroni methods are partic­
ularly appropriate here 

8.6.3 Specifìc c口ntrasts versus unplanned 
pairwise comparisons 

A small number of planned contrasts is always a 
better approach than comparing all pairs of 
means with an unplanned multiple comparison 
procedure. In most cases , you probably have in 
mind some specific hypotheses about the groups 
and tests of these hypotheses are usually more 
powerful because there is less of an argument for 
adjusting error rates and they ar巳 nearly always 
more interpretable. They also encourage biol耻
gists to think about their hypotheses more car• 
臼lly at the design stage. Unplanned comparisons 
are usually only done when the ANOVA F test indi­
cates that there is a significant result to be found; 
then we often wish to go "data-snooping" to find 
which groups are dif岳rent from which others. 

As we have already discussed , the adjustment 
ofType 1 error rates for most standard unplanned 
multiple comparison procedures means that the 
power of individual comparisons can be weak, 

especially ifthere are lots ofgroups , and this can 
make the unplanned tests difficult to interpret 
For example, an unplanned multiple comparison 
test (with family-wise adjustment)，岛liowing a 
"marginally significant" (0.01 <P<0.05) ANOVA F 

test may not reveal any dif:也rences between 
groups. AIso , some unplanned multiple compari 
sons can produce ambiguous results , e.g. with 
three means in order smallest (A) to largest (C), the 
test might show C> A but A二 B and B~C! 
Underwood (1997) has argued that no conclusions 
can be drawn 仕om such a reslllt because no alter 
native hyp咽hesis can be unambiguously iden 
tified. We view the 皿ultiple comparison test as a 
set of difl岳rent hypotheses and suggest that such 
a result allows us to reject the H

D 
that A equals C, 

but no conc1usion about whether B is difl岳rent

仕omAor C.

Finally, specific con trasts of grou ps are mainly 
relevant when the factor is fìxed , and we are spe­
cifically interested in differences between grol1p 
means. When the factor is random , we are more 
interested in the added variance component 
(Section 8.2.1) and not in speci且c differences 
between grou ps 
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Di唔rammatîc , (a) 
of (a) Jinear, (b) 0 

quad阳tic and (c) cubic trends in Y I y 
across four equally spaced, 。 O

quantrcltlve, groups 
O 

Group level 

8.7 I Tests for trends 

[f the factor in an ANOVA is 且xed and quantitative 
(i.e. the treatment levels have some numerical 
value), then tests 自or trends in the group means 
may be ffiOf巳 informative than tests about 
whether there are specific differences between 
group means. Usually, we wish to test for a linear 
trend or some simple nonlinear 怡.g. quadratic or 
cubic - see Chapter 6) trend. For example, 

Glitzenstein et al. (1995) studied the mortality of 
sandhill oak (Quercus spp.) across eight season-oι 
burn treatments (eight two-week periods during 
1981{1982). They used a single factor ANOVA 
(season-of-burning，、Nith seven df) but were more 
interested in trends in oak mortality through the 
eight seasons than speci自c di任erences between 
season means. They tested 岛r linear and quad­
fatlc patterns in mortality across burn season. 
Marshall & Keough (1994) examined the effects of 
InCreaslng Intraspeci且c densities of two size 
classes (large and small) of the intertidal limpet 
Cellana tγ'amosenca on mortality and biomass of 
large limpets. There were seven treatments (one 
large, two large , three large, four large , one large 
and ten small , one large and 20 small, one large 
and 30 small), four replicate enclosures for each 
treatment and a single factor ANOVA was used to 
test the overall Ho of no treatment differences 
Marshall & Keough (1994) also inc1uded a trend 
analysis to test for a linear relationship in mean 
mortality (or biomass) across the intra-size-class 
treatments (one , two , three , four large limpets per 
enclosure). We will illustrate a linear trend analy­
sis with the data on serpulid recruitment 仕om
Keough & Raimondi (1995) , where the equally 
spaced levels of biofilm represented an increas-
ingly stronger cue for settlement (Box 8.4). Note 
that the factor is not really quantitative in this 

(b) (c) 
O 

。 O O 

O 
O 

O 
O 

Group level Group level 

example, but can be considered a rank order and 
therefore still suitable for testing trends 

The method of orthogonal polynomials fits 
polynomial equations to the group means using 
contrast coefficients, just as for planned contrasts 
between specific group means. A linear polyno­
mial represents a straight-line relationship 
through the group means , a quadratic represents 
a U-shaped relationship with a single "change of 
direction" and the cubic represents a more 
complex pattern with two "changes of direction" 
但gure 8.6; 因rk 1995). We don't provide computa­
tional details for fitting orthogonal polynomials 
to group means (see Kirk 1995, Maxwell & Delaney 
1990, Winer et a1. 1991) but the logic is similar to 
contrasts ofmeans described in Section 8.6.1 and 
they are simple to do with most statistical soft­
ware. The SSGroups is partitioned up into SSLinear' 
SSQuadra由， SSCubîc' etc.. each with one df. The null 
hypothesis ofno linear (or quadratic , etc.) trend is 
tested with F tests , using the MSResiduar Our experi­
ence is that polynomials above cubic are difficult 
to interpret biologically and are rarely fitted in 
practice, even when there are enough dfto do so 
lf the levels of the factor are equally spaced and 
sample sizes are equal, the coefficients for the 
contrasts equations for linear. quadratic. etc. , 
trends can be found in Table 8.8; unequal sample 
sizes andjor spacing of factor levels are discussed 
below. 

The rules for contrast coefficients still apply. 
ηle coefficients for each polynomial should sum 
to zero and we could multiply the coefl且cients for 
any contrast by a constant and still get the same 
result (e.g. -30，一10， 10. 30 is the same linear con 
trast as -3，一 1 ， 1, 3). Successive polynomials 
(linear, quadratic, etc.) are independent (orthogo 
nal) as long as the number of successive polynomi 
als. starting with linear. doesn't exceed the 
dιroups' i.e. if there are four groups. there are 

一TceauqbubidlceIpy sbs-lsppa|mcecmd olegamrloscu臼mpr nlbetmset如w15e llmartquad四[ic and en three and six 
飞 5ee 虹rk (1995) or 

Winer et al. (1991) for more orders and levels 

X , χ2 X3 
X4 X5 X6 

Unear O 
3 3 

-2 。 Z 
5 -3 3 5 

Quadratic 2 

Z Z 2 
5 -4 4 5 

Cubic 3 3 
2 。 Z 

5 7 4 -4 7 5 

three df and we can have three orthogonal polyno­
mials: linear. quadratic, cubic 

When sample sizes are equal in all groups , the 
SS 仕om 且tting a linear contrast across the means 
using orthogonal polynomials will be the same as 
the SSÐ~~~e"'~_ from fìtting a linear regression 

R"阳市ion

model to the original observations. Note that the 
SSReSiàtlal' and therefore the test oflinearity, will be 
different in the two cases because the classical 
regression and ANOVA partitions of SSTotal are dif­
ferent.τhe SSResîdual from 自tting the ANOVA model 
will be smaller but also have fewer df, as only one 
dfis used for the regression but (p-1) is used for 
the groups. The difference in the two SS日:esidual
(仕om the regression model and the ANOVA 
model) is termed "lacl<咱f-fit" (Neter et a!. 1996) , 

representing the variation not explained by a 
linear fit but possibly explained by nonlinear 
(quadratic , etc.) components 

τhe SS from 直tting a quadratic contrast across 
the means will be the same as the SSExcra 企om
fitting a quadratic regression model over a linear 
regression model to the original observations 
(Chapter 6). So the quadratic polynomial is testing 
whether there is a quadratic relationship between 
the response variable and the f;注ctor over and 
above a linear relationship, the cubic polynomial 
is testing whether there is a cubic relationship 
Qver and above a linear or quadratic relationship , 

TESTING EQUALlTY OF GROUPVARIANCES 

and so on. Sometimes. the remaining 5S after 
SS. ,____is extracted 仕om SS~ is used to test ìor Unear~~ _~~~L~_L__ ~-~~~~ ~~GTOUpS 

departures from linearity (Kirk 1995). 
When sample sizes are unequal or the spacing 

between factor levels is unequal, contrast coeffi­
cients can be determined by solving simultaneous 
equations因此1995) and good statistical software 
will provide these coefficients. Alternatively, we 
could simply fit a hierarchical series of polyno­
mial regression models , testing the linear model 
over the intercept-only model , the quadratic 
model over the linear model, etc. (Chapter 6) 。

Unfortunately, the equality ofthe SS due to a par­
ticular contrast between group means and the 55 
due to adding that add让ional polynoffiial in a 
regression model 缸ted to the original observa 
tions breaks down when sample sizes are different 
(M皿well & Delaney 1990) so the two approaches 
will produce different (although usually not 
markedly) results. We prefer using the contrast 
coefficients and treating the test for a linear trend 
as a planned contrast between group means 

8.8 I Testing equality of group 

vanances 

It may sometimes be ofmore biological interest to 
test for differences in group variances. rather 
than group means , when we expect that experi 
mental treatments would af:也ct the variance in 
our response variable. Tests on group vanances 
may also be a useful component of diagnostic 
checks ofthe adequacy ofthe ANOVA model and 
the assumption of homogeneity of variance 
(Section 8.3) 

Traditional tests for the Ho of equal population 
variances between groups inc1ude Bartlett's test, 
which is based on logarithms of the group vari 
ances and uses a 对 statistic ， Hartley's Fm~x test. 
which is based on an F-ratio of the largest to the 
smallestvariance, and Cochran's test. which is the 
ratio ofthe largestvariance to the sum ofthevar­
iances. Unfortunately, Conover et aL (1981) and 
则vest (1986) have shown that all these tests are 
very sensitive to non-normality. Given the preva­
lence of skewness in biological data , this lack of 
robustness is a serious concern and these tests 
cannot be recommended for routine use 
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Alternative tests recommended by Conov盯 eta1.

(1981) basically calculate new (pseudo)observations 
that represent changes in the variance and then 
analyze these pseudo-observations (Ozaydin et al 
1999). Levene's test is based on absolute deviations 
of each observation 仕om lts respectlve group mean 
or median (i.e. absolute residuals) and is simply an 
F test based on using these absolute deviations in a 
single factor ANOVA. The Ho is thatthe means ofthe 
absolute deviations are equal between groups 
Although Levene's test is robust to non-normali飞y
of the original variable (Conover et a l. 1981), the 
pseudo-observations are not necessarily normal 
nor will their variances be equal (assumptions of 
the F test). Suggested solutions have been to use 
robust methods for single factor ANOVAs to analyze 
the pseudo-observations (see Section 8.5), such as 
rankingthem (Conover etal. 1981) and then mo副市­
ing the ranks with score functions (Fligner & 

Killeen 1976) or even using a randomization test, 
although we have not seen this recommended 

8.9 I Power of si咐e factor ANOVA 

τ'he F-ratio statistic , under the Ho of equal group 
means , follows a central F distribution (see 
Chapter 刻. When the Ho is false , the F-ratio statis 
tic follows a non-central F distribution. The εxact 
shape of this distribution depends on dιroups' 
dfResiduaJ and on how different the true population 
means are under HA τhis difference is summar­
ized by the non-centrality parameter (λ) ， which is 
defined as 

2;",' n 2; α 
λ ，二上一一--'二L一

σ 21η a} 

To determine the power of a single factor ANOVA, 

we need to calcula teλ(or 中=V(λfp)). This 
requires us to speci命 the alternative hypothesis 
(HA) and to know (or guess) the residual variation 
Remember the general formula relating power 
and effect size that we used in Chapter 7 

p ES飞;;;
ower :x 

σ 

τhe non-centrality parameterλincorporates the 
effect size [group eft坦白 (α;} squared] and the 

within group standard deviationσWe can then 
calculate power by referring to power charts (e.g 
Neter et a1. 1996, Kirk 1995), which relate power to 
λor 喃自or different df(i.e. n). Alternatively, we can 
use software designed for the purpose. 1t is impor­
tant to note, however, that the formal calculations 
can vary between different texts and software 
packages (Box 8.5) 

τbese calculations can be used to 

(8.9) 

• determine the power of an experiment post hoc , 

usually after a non-significant result, 

• determine the minimum detectable effect size 
for an experiment post hoc, and 

• calculate sample size required to detect a 
certain effect size when planning an 
expenment 

A且 example ofpower calculations is inc1uded 
in Box 8.6 and Underwood (1981 , 1997) has also 
provided worked biological examples. These 
power calculations are straightforward for two 
groups but become more difficult with more than 
two groups. When there are only two groups , the 
effect size is simply related to the difl坠rence

between the two means. However, when we have 
more than two groups , the HA could , for example , 
have the groups equally spaced or two the same 
and one different. These dif:也rent patterns of 
means will lead to dif:也rent values of λ ， and , 

hence, power. The difficulty of speci命ing H
A 

becomes greater as the number of groups 
increases , unless we have a very speci日C H

A 
that 

details a particular arrangement of our groups 
(e.g. a linear trend across groups) 

If the number of groups is not too large , one 
option is to calculate the power for a range of 
arrangements oftreatments. For example , we can 
calculate the power characteristics for four differ­
ent arrangements of groups for a given difference 
in means (between the largest and smallest), such 
as groups equally spaced, one group different 
from all others (which are equal) , and so on. An 
example of such power curves are plotted in 
Figure 8.7 where for a given effect size you can 
easily see the range of power values. Note that 
there is little di丘l:-rence for very large or very 
small differences between the largest and small. 
est group means. For planning experiments , it 
may be enough to know the range of power values 

(7.5) 
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Box 8.61Wo巾d example: power analysis for serpulid 
recruitment onto surfaces with different biofìlms 

Two of the other response variables in the study of recruitment by Keough & 

Raimondi (1995). the number of spir。 如 Id wom可 a时 b叫 ozoans in the g'凹us

Bugulo , showed no differences bet、气 een any of the 币 Imi门g treatπents. 50 power 
become5 an i55ue. For the 甲irorbids ， the ana怡 5 of variance was as folloW5 
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The mean for the un们 Ime 才 (SL) t陀atment was 0.273. We can U5e this informa­
tion to look at the power of廿le test for t 币 5 speCle♀ 

Ilwe de币ne the effect size as a门 Increase In 5e忧怡ment of 50% over the value 
for unfllmed surfaces, our ES = 0.137 

First. let's look at the overall power of the te注 Supp05e that \"./e wanted to 
detect any effect of biofìlms, in wh比h ca5e. the SL treatmem would have a value of 
0.273, and the otherthree would be 0.41. The grand mean would be 0.375, giving 
回imates 01 a: 01 -0.102,0.034.0.034, and 0.034. F，四甘lese 叫出S.2~= 对 ~0.014，

3世. from the table above. our estimate of o} 巴 0.06 1. Us 吨 Equation 8.9 , 

À = (7 X 0.0 14)/0.061 = 1.614. and 5ub5tituting this value into any 5由叫它 that cal 
culates pO\NEπusing dfGr叩 ~ 3 and dlR划 ual = 24. we get power of 0.143 
Remember: power 巴 the probabili可 of statisti日Ily detecting this effect size if 比

occurred. Thls experiment ha 才 l由le chance of detecting an increase in settlement 
of 50% above the value for unfllmed surfaces 

To see how our speci们 cation of H A affects pov咽口 let's look at the power for a 
pa忧:ern that is one of the har飞jest to detect using an overall F test. a gradual t扣四时
from large5t to smallest mean. Us 们 g the example here. the 币川 mean5 would be 
0.271.0.319, 0.364, and 0.4 10. Then, the power 巴 0.1 17. These difference5 don飞
seem very large, main作 because the overall p。 ψver 巴 50 low for this group of po付
出 aetes. For compar巴on. we can look at t扣 e data forthe bryozoan5. Here , the mean 
for the sterile treatment 巴 0.820. and the MSRes' d 主 I is 0.063. For these br 沪:)Zoans ，

ourge门e旧1 H
A 
WOU 才 produce means ofO.82. 1.23. 1.23.and 1.23 forour fourtreat­

ments. The non-central句 parameter; À. is 14.01. g 口 g power of 0.84φ50 we would 
feel cor白dent that our no门 -signikant result for this group of animals really repre 
sents an effect of less than 5C兔 If we calculate for the general trend caseφthe four 
hypothetical means would be 0.82,0.96, 1.09, and 1.23,Ã ~ 10.3日 and power is 0.70, 

a drop of 15% 
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the power for different arrangement of groups.The example 
used five groups, n equals 币ve in each g扣。 up. standard 
deviation equaJs one in each group. Effect size is m国sured as 
the di仔"erence between the largest and smallest mean 

for a given effect, and to make decisions around 
one particular arrangement of groups, taking into 
account where that arrangement fits on the 
power spectrum 

8.10 I General issues and hints for 

analysis 

8.10.1 General issues 

• General experimental design principles , espe­
口ally randomization and choice of appropriate 
controls , are nearly always important when 
designing studies for the application of single 
factor ANOVA models 

• Estimates of explained variance have different 
interpretations for :fixed and random factors 
Added variance component for a random 
factor is straight岛rward with equal sample 
sizes and confìdence intervals should be used 
Explained variance for a fixed factor is also 
useful as a descriptor but cannot be easily com. 
pared for different models and data sets and 
must be interpreted carefully 

• Be aware that some alternatives that may be 
suggested as an option when ANOVA assump 
tions are violated are rarely assumption 仕ee.

For example, the rank-based non-parametric 
methods don't assume normali叨， buthave an 

assumption equivalent to the homogeneity of 
vanances 

• We recommend planned compa口sons (con­
trasts) 四ther than unplanned multiple com 
parisons. In most cases, you are not interested 
in comparing all possible grollps , but can iden­
H命 particlllar questions that are of greater 
lnterest 

• Power calculations are relatively simple for 
single 也ctor models. However, once the 
number of group附 is grea ter than two , you 
must think hard about the kind of dif坠rences

between groups that is ofinterest to you 
Different alternative patterns ofmeans have 
different power characteristics 

• A problem for inexperienced biologists is that 
many of the decisions (how normal should the 
data be?, etc.) involve an informed judgment 
about where a particular data set fìts along a 
continuum from assumptions being satisfìed 
completely to major violationsηlere IS no 
unambiguous division, but, in many cases, it 
doesn't matter because the P values will be far 
from any grey zone 

8.10.2 Hints for analysis 
• Aim for equal sample sizesηle linear model 

ca1culations can easily handle unequal 
samples , but the analysis is more sensitive to 
the underlying assumptions and parameter 
estimates and hypothesis tests will be more 
reliable if sample sizes are equal 

• Homogeneity ofvarìances is an important 
assumption. ANOVA is robust to small and 
moderate violations (especially with equal 
sample sizes). but big difl岳rences (e.g. many­
fold differences between largest and smallest 
variances) will alter the Type 1 error rate ofthe 
F test. 

• Examine homogenei可 ofvariances wi th 
exploratory graphical methods. e.g.look at the 
spread ofboxplots , plot group variances or 
standard deviations against group means , or 
plot residuals against group means and look 
for patterns. We don't recommend 岛rmal tests 
of equal group variances as a preliminary 
checkbe画。 re anANOVA 

• Transformations will be effective when the 

error terms, and the observations , have posi 
tively skewed distributions. For biological data. 
the most likely ef也ctive transforma tions are 
Iog and square (or fourth) root. Although 
ANOVA models are robust to violations ofnon 
normality, such nonnalizing transformations 
will usually make variances more similar 
between groups 

• For moderate violations of normality and 
homogeneity ofvariances , we recommend pr萨
ceedingwith the analysis , but being cautious 
about results that are marginally signifìcant or 

GENERAL ISSUESAND HINTS FORANALYSIS 

non-slgnl且cant. Otherwise we recommend 
using generalized linear models when the 
underlying distribution ofth巳 response vari­
able can be determined, or one of the robust 
tests. 

• Use planned contrasts wherever possible for 
testing specific difIerences between groups. If 
unplanned compa口sons must be used, Ryan's 
(阻GW) or Tukey's tests are recommended, the 
latter if simultaneous confìdence intervals are 
required. 
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