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Estimation
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Simple AN

Three treatments (One factor - 3 levels), three replicates




S

imple ANOVA

Two treatments, three replicates

Site | - Teeat: A

Site 2 - Toeat: B

Site » - Teeat: A

(&)

Site - Treat: &

Site 5 - Teeat: A

()

Site 5 - Treat: B




Categorical predictor

Y A dummyl dummy2 dummy3

2 G1 1 0 Y
3 61 1 0 0
4 G1 1 0 0
6 G2 0 1 Y
7 G2 0 1 Y
8 G2 0 1 Y

10 G3 0 0 1

11 G3 0 0 1

12 G3 0 0 1

i = p + Pr(dummyy)s; + B2(dummyz)s; + B3(dummys)s; + €3



Overparameterized

vij = o+ Si(dummyy)s; + Sa(dummys)s; + B3 (dummys)s; + €35

A Intercept dummyl  dummy2  dummy3
G1 1 1 0 0
G1 1 1 0 0
G1 1 1 0 0
G2 1 0 1 0
G2 1 0 1 0
G2 1 0 1 0
G3 1 0 0 1
G3 1 0 0 iy
G3 1 0 0 1



Overparameterized

vij = 0+ Si(dummyy )s; + Sa(dummyg)i; + S3(dummys)s; + €55

e three treatment groups
o four parameters to estimate
e need to re-parameterize
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Categorical predictor

¥i = p + B1(dummys ); + B2(dummys) + B3(dummys); + €;

MEANS PARAMETERIZATION

Vi = ﬁl (dummyl)i == ﬁQ (dummyQ)i == ﬁ% (dummyg)i == £y
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Categorical predictor

MEANS PARAMETERIZATION

Vi = 61 (dummyl)i + yﬁg (dummyQ)i + ,ﬁ;g(dummyg)i + on

2 G1 il 0 0
3 G1 1 0 0
4 G1 1 0 0
6 G2 0 1 0
7 G2 0 1 0
8 G2 (0] 1 0
10 G3 0 0 1
11 G3 0 0 1
12 G3 0 0 1
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MEANS PARAMETERIZATION

Y A
1 200 &1
2 300 @Gl
3 400 &1
4 600 &
5 700 &
6 800 &
7 1000 G
8 1100 G2
91200 G3

edictorDD

¥vi = 1Dy + aeDo; + a3Da; + &5
Yi= Qp + &,

wnere p = number of levels of the factor and D =
dummy variables

2 1 0 0 €1
3 1 0 0 €2
4 100 €3
6 OETII=E a7 €4
74 =10 1 0 X a2 | + | €5
10 0 0 1 E7
11 00 1 25
12 0 0 1 €9
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Categorical predictor

MEANS PARAMETERIZATION

Parameter Estimates Null Hypothesis
0% meanof groupl Hp oy =a; =0
as mean of group? Hpag =as =0
a meanof groupd Hpaz=a3=0

I > summary (Im(Y~-1+A))$coef

Estimate Std. Error t value Pr>ltl)
AG1 3 0.5773503 5.196152 2.022368e-03
AG2 7 0.5773503 12.124356 1.913030e-05
AG3 11 0.5773503 19.052559 1.351732e-06
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Categorical predictor

¥i = p+ B1(dummys ); + Bo(dummys); + B3(dummys); + &

TION

Vi; = p+ Po(dummys);; + B3(dummys)s; + €3

yij:/1’+()éi+8ij i:p—l
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Categorical @%@%é@%@?

EFFECTSMPARAMETERIZATI

¥i = o+ Bo(dummys); + [3(dummys); + &5

Y A alpha dummy2 dummy3

2 G1 1 0 0
3 G1 1 0 (0]
4 G1 1 0 0
6 G2 1 1 0
it s i iy 0
(T 1 ¥ 0
10 G3 i 0 1
11 G3 1 0 1
12 G3 1 0 1
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Categorical predictor

ErFECTSEMPARAMETERIZATION

Y A
1 200 &1
2 300 @G1
3 400 G1
4 600 G2
5 700 &
6 800 G2
7 1000 G3
8 1100 &3
9 1200 &3

¥i = o+ [BoDo; + [B3Da3; + &5

Yi = Qp + &,

where p = number of levels of the factor minus 1 and
D = dummy variables

o

2 1 €1
3 (=0 €9
4 1 0 0 €3
6 1 1 0 o €4
7 = 1 1 0] x| ]+ €5
8 1 1 0 a3 E6
10 10 1 €7
11 ] £s
12 1 01 €9
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Categorical

nredictor
CONTRASTS

Parameter Estimates Null Bypothesis

Intercept mean of control  Hp: = 3 =0
group

fo% meanof group2 Hp:an = ap = 0
minus mean of
control group

o mean of groupd  Hp: oz = g = 0

minus mean of
control group

> contrasts(A) <-contr.treatment
> contrasts(A)
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Categorical p

CONTRASTS

Parameter Estimates

Null Bypothesis

Intercept mean of control
group

fo% mean of group 2
minus mean of
control group

Qg mean of group 3
minus mean of
control group

Ho:pp=p1 =0

H()l 0%)

Bo: a3 =

(1220

I > summary (Im(Y~A))$coef
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Categorical predictor

USEREIDEFINED CONTRASTS

User defined contrasts
Grp2 vs Grpd
Grpl vs (Grp2 & Grpd)

Grpl Grp2 Grpd
* —
Qg 0 1 1
o 1 -0.5 -0.5

> contrasts(A) <- cbind(c(0,1,-1),c(1, -0.5, -0.5))
> contrasts(A)

[,11 [,2]
G1 0 1.0
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Categorical predictor

UserRBMDEF INEDCONTRASTS

e p — 1 comparisons (contrasts)

e all contrasts must be orthogonal
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Categorical predictor

ORTHOGONALITY

Four groups (A, B, C, D)

p — 1 = 3 comparisons

1.AvsB:2A>B
2. BvsC:z:B>C
Q. AvsC:
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G1
G2
G3

Categorical predictor

USERBDEFINEDMGCON

contrasts(A) <- cbind(c(0,1,-1),c(1, -0.5, -0.5))
contrasts(A)

0x1.0 = 0
1x =05 = =05
—1x-0.5 = 0.5
sum = 0
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Categorical predictor

useRMOEFINED@CONTRASTS

> contrasts(A) <- cbind(c(0,1,-1),c(1, -0.5, -0.5))
> contrasts(A)

[,11 [,2]
G1 0 1.0
G2 e
G3 -1 -0.5

> crossprod(contrasts(A))

[,11 [,2]
[1,] 2 0.0
[2,] 0 1.5

> summary (Im(Y~A))$coef
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Categorical predictor

USERMDEFINED@CON

> contrasts(A) <- cbind(c(1, -0.5, -0.5),c(1,-1,0))
> contrasts(A)

TRASTS

[,1]1 [,2]
Gl 1.0 1
G2 -0.5 -1
G3 -0.5 0

> crossprod(contrasts(A))

[,11 [,2]
[t,] 1.5 1.5
[2,] 1.5 2.0
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_ Group A mean

b $Sgrupe= SUM of squared

explained distances

= MS 0.z~ CONSENVative mean
var explained

Overal mean / -
Group B mean /

MS csci= CONSENVative mean

var unexplained

SSresdual

Explained var.
(distances) .
. . . .
Growp A Growp 8 Grow A Growp
c S5 uigua= SUM of squared d Explained  MSyogs
unexplained dstances Fratio= S

Unexplained ~ MS esius

F-distribution

o | (Distribution of all possible
| expected F-atios when the
( s
\ . ‘
Unexplained var. -~/ ‘
(distances) .
T T
Group A Growp B
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VARIANCE

PARTITIONING

> anova(lm(Y~A))

Analysis of Variance Table

Response: Y
Df Sum Sq Mean Sq F value Pr (>F)

A 2 96 48 48 0.0002035 **x*
Residuals 6 6 1
Signif. codes: O 'x**x' 0.001 '**' 0.01 'x' 0.05 '.' 0.1 " ' 1
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Categorical predictor

POST-HOC COMPARISONS

Familywise Type I

No. of error
No. of Groups comparisons probability
3 3 014
B 10 0.40
10 45 0.90
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Categorical predictor

POST-HOC

Bonferoni

COMPARISONS

I > summary (Im(Y~A))$coef

Estimate Std. Error t value Pr(>ltl)
(Intercept) 7 0.3333333 21.000000 7.595904e-07
Al -8 0.9428090 -8.485281 1.465426e-04
A2 4 0.8164966 4.898979 2.713682e-03

B> o0.05/3

[1] 0.01666667
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Categorical predictor

POST-HOC COMPARISONS

Tukeylis test

> library(multcomp)
> data.lm<-1m(Y~A)
> summary(glht(data.lm, linfct=mcp(A="Tukey")))

Simultaneous Tests for General Linear Hypotheses

Multiple Comparisons of Means: Tukey Contrasts

Fit: Im(formula = Y ~ A)

Linear Hypotheses:
Estimate Std. Error t value Pr(>|tl)

G2 -Gl =0 4.0000 0.8165 4.899 0.00653 *x*
G3 -Gl ==0 8.0000 0.8165 9.798 < 0.001 %%
G3—G2=="0 4.0000 0.8165 4.899 0.00679 *x*



Assumptions

o Normality
o Homogeneity of variance
e Independence

o As for regression






Jorked Examples

> day <- read.csv('../data/day.csv', strip.white=T)

l > head(day)

TREAT BARNACLE

ALG1
ALG1
ALG1
ALG1
ALG1
ALG2

o O WN

27
19
18
23
25
24



Vorked Examples

Question: what eftfects do different substrate types have on barnacle
recruitment

Linear model:

Barnacle; = u+ oy + & e~ N(0,0%)
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orke

> head(partridge)

d Examples

I > partridge <- read.csv('../data/partridge.csv', strip.white=T)

GROUP LONGEVITY

PREG8
PREG8
PREG8
PREG8
PREG8
PREG8

OO WN -

35
37
49
46
63
39

I > str(partridge)

'data.frame':
$ GROUP
$ LONGEVITY:

125 obs. of 2 variables:

: Factor w/ 5 levels "NONEO","PREG1",..:

3333333333..

int 35 37 49 46 63 39 46 56 63 65 ...



Worked Examples

Question: what eftects does mating have on the longevity of male
fruitflies

Linear model:

Longevity; = p + oy + & e~ N(0,0%)
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